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Abstract

Forests contribute abundantly to nature’s natural resources and they significantly contribute to a wide

range of environmental, socio-cultural, and economic benefits. Classifications of forest vegetation

offer a practical method for categorising information about patterns of forest vegetation. This

information is required to successfully plan for land use, map landscapes, and preserve natural

habitats. Remote sensing technology has provided high spatio-temporal resolution images with many

spectral bands that make conducting research in forestry easy. In that regard, artificial intelligence

technologies assess forest damage. The field of remote sensing research is constantly adapting to

leverage newly developed computational algorithms and increased computing power. Both the theory

and the practice of remote sensing have significantly changed as a result of recent technological

advancements, such as the creation of new sensors and improvements in data accessibility.

Data-driven methods, including supervised classifiers (such as Random Forests) and deep learning

classifiers, are gaining much importance in processing big earth observation data due to their

accuracy in creating observable images. Though deep learning models produce satisfactory results,

researchers find it difficult to understand how they make predictions because they are regarded as

black-box in nature, owing to their complicated network structures. However, when inductive

inference from data learning is taken into consideration, data-driven methods are less efficient in

working with symbolic information. In data-driven techniques, the specialized knowledge that

environmental scientists use to evaluate images obtained through remote sensing is typically

disregarded. This limitation presents a significant obstacle for end users of Earth Observation

applications who are accustomed to working with symbolic information, such as ecologists,

agronomists, and other related professionals. This study advocates for the incorporation of ontologies

in forest image classification owing to their ability in representing domain expert knowledge. The

future of remote sensing science should be supported by knowledge representation techniques such

as ontologies. The study presents a methodological framework that integrates deep learning

techniques and ontologies with the aim of enhancing domain expert confidence as well as increasing

the accuracy of forest image classification. In addressing this challenge, this study followed the
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following systematic steps (i) A critical review of existing methods for forest image classification (ii)

A critical analysis of appropriate methods for forest image classification (iii) Development of the

state-of-the-art model for forest image segmentation (iv) Design of a hybrid model of deep learning

and machine learning model for forest image classification (v) A state-of-the-art ontological

framework for forest image classification. The ontological framework was flexible to capture the

expression of the domain expert knowledge. The ontological state-of-the-art model performed well

as it achieved a classification accuracy of 96%, with a Root Mean Square Error of 0.532. The model

can also be used in the fruit industry and supermarkets to classify fruits into their respective

categories. It can also be potentially used to classify trees with respect to their species. As a way of

enhancing confidence in deep learning models by domain experts, the study recommended the

adoption of explainable artificial intelligence (XAI) methods because they unpack the process by

which deep learning models reach their decision. The study also recommended the adoption of

high-resolution networks (HRNets) as an alternative to traditional deep learning models, because

they can convert low-resolution representation to high-resolution and have efficient block structures

developed according to new standards and they are excellent at being used for feature extraction.
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1. INTRODUCTION

1 Introduction

1.1 Introduction

Forests contribute abundantly to nature’s natural resources and significantly contribute to a wide range

of environmental, socio-cultural, and economic benefits [1]. While forests play a significant economic

role in developing countries through the creation of jobs, income, and foreign exchange earnings, their

importance in industrialized countries also cannot be overstated. A study in [1] asserts that forests meet

a variety of fundamental human requirements, including those for food, energy, fodder, housing, fiber,

and medicine. They also aid in soil and water preservation, wildlife refuge, water purification, oxygen

production, carbon sequestration, and climate regulation. In order to balance material prosperity,

social welfare, and environmental health and vitality, it is necessary to acknowledge the significance

of each of these functions and values in the forest ecosystem dynamics. Despite these benefits, there is

a pressing need to categorize forests to uncover information about land cover, forest change detection,

and which forest management activities to employ. Studies have shown that forests do not remain in

the same state forever. They change their status due to global climate change, and natural and artificial

disturbances [2].

Classifications of forest vegetation offer a practical method for summing together the information

about the patterns of forest vegetation. This information is required to successfully plan for land use,

map landscapes, and preserve natural habitats. Earth’s ecological environment is hugely affected by

so many factors and forest vegetation is key among them. Some of the ecological functions provided

by forests include the protection of biodiversity, water conversation, and climate regulation [3] [4].

Because forest care is vital for the future, the United Nations proposed seventeen sustainable goals,

where the 15th goal speaks about forest care, and this has necessitated studies in forests [5]. Forest

departments survey land cover to obtain information such as the type of vegetation cover, quality and

quantity of vegetation, and the dynamic changes that occur in forest land cover [6]. Remote sensing

technology has provided high spatio-temporal resolution images with many spectral bands making

conducting research in forestry easy. In that regard, artificial intelligence technologies, in particular,

deep learning models have been applied in forestry to classify trees according to species [7], and to

assess forest damage [8]. The Ministry of Forestry relies on remote sensing technology since it is the

only efficient and cost-effective way to track forest vegetation’s status and dynamic change across

huge areas. The development and widespread usage of high-resolution remote sensing images like

Quick Bird’s submeter spatial resolution have provided a convenient way of studying forest

vegetation in recent years. The field of remote sensing research is constantly adapting to keep up

1
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1. INTRODUCTION

with the demands of newly developed algorithms and increased computing power in parallel. Both

the theory and the practice of remote sensing have significantly changed as a result of recent

technological advancements, such as the creation of new sensors and improvements in data

accessibility [9]. Applications related to land use and land cover (LULC) mapping are benefiting

significantly from the increased availability of remote sensing images hence new opportunities to

come up with innovative remote sensing classification techniques for various land management facets

to address local, regional, and global challenges [10] [11] [12].

Forest experts play an important role in coming up with novel methods for forest image

classification. They are actively involved in devising image analysis methods that are tailored to

address the unique characteristics of forest ecosystems. Their domain knowledge helps identify key

features and patterns within images that are indicative of forest attributes such as tree species,

vegetation density, and land cover types [13].

Forestry experts participate in interpreting the functionality and relevance of the developed methods

within the context of forestry management, conservation, and research. They evaluate the

effectiveness of the methods in capturing meaningful information about forest conditions, identifying

potential limitations, and providing feedback for further refinement [14].

Some novel approaches to forest image classification involve integrating data from different sources

such as satellite imagery, LiDAR (Light Detection and Ranging) data, and hyperspectral imaging.

Each of these data sources provides unique information about the forest environment. Satellite

imagery offers broad spatial coverage but limited spectral resolution. LiDAR data provides precise

elevation information and structural details of the forest canopy. Hyperspectral imaging captures

fine-grained spectral information, allowing for more accurate discrimination of different forest types

and conditions. Convolutional neural networks (CNNs) can be used to extract features from satellite

imagery, while point cloud processing techniques can be applied to LiDAR data. Hyperspectral data

can be processed using spectral analysis techniques to extract spectral signatures associated with

different vegetation types and forest conditions. Once features are extracted from each modality of

data, they are integrated into a unified feature representation that captures the complementary

information provided by each data source. The integrated feature representation is then used as input

to a machine learning classifier, such as a support vector machine (SVM), random forest, or deep

neural network, to perform forest image classification. The classifier learns to discriminate between

different forest types and conditions based on the combined information from multiple data sources.

Another novel approach to forest image classification incorporating deep learning and ontologies

involves the integration of semantic knowledge representation with powerful feature learning

capabilities [15]. This approach involves Utilizing deep learning techniques, such as convolutional

2
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1. INTRODUCTION

neural networks (CNNs), to extract high-level semantic features from forest images. Train CNN

models on large-scale annotated datasets to learn discriminative features that capture spatial patterns,

texture information, and spectral characteristics indicative of different forest classes. This is then

followed by Integrating the deep learning-based features with semantic information from the forest

ontology. This fusion process aligns the learned features with the semantic concepts defined in the

ontology, enhancing the interpretability and contextual relevance of the extracted features. The final

stage is to employ ontologically-driven classification algorithms that leverage the combined feature

representations to classify forest images into meaningful semantic categories defined within the

ontology. This classification process benefits from the semantic richness of the ontology, enabling

more informed decision-making and improved generalization to unseen data.

1.2 Problem Statement

Data-driven methods, including supervised classifiers (such as Random Forest) and deep learning

classifiers, are gaining much importance in processing big earth observation data due to their

accuracy in creating observable images. Though deep learning models produce satisfactory results,

researchers find it difficult to understand how they make predictions because they are regarded as

black-box nature owing to their complicated network structures [16]. However, when inductive

inference from data learning is considered, data-driven methods are less efficient in working with

symbolic information. In data-driven techniques, the specialized knowledge that environmental

scientists use to evaluate images obtained through remote sensing is typically disregarded. This

limitation presents a significant obstacle for end users of Earth Observation applications who are

accustomed to working with symbolic information, such as ecologists, agronomists, and other related

professionals. Inference rule-based systems are used only in applications like the land cover

classification systems developed by the FAO. It would appear that knowledge-driven approaches are

the best way to go about conducting research in the field of remote sensing science. Because these

rule-based approaches are founded on low-level feature image analyses, it is challenging for users to

directly interpret and categorize images on their own. The focus should change from low-level to

high-level image analysis which is flexible in dealing with symbolic information. This will make it

easier for users to analyze and categorize images. Previous studies reveal that users are much more

comfortable in seeking information using high-level semantics [17]. The main research question that

guides this study is whether the integration of ontologies and deep learning approaches has a positive

impact on the accuracy of forest image classification. In other words, the study aims to determine if

the combined use of ontologies and deep learning can enhance the ability to accurately classify forest

images into their different categories. The purpose of this study is to integrate deep learning

3
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1. INTRODUCTION

techniques with knowledge representations such as ontologies that harmonize high-level human

knowledge to reduce the semantic gap between low-level image analysis and high-level human

knowledge. There is currently no established, all-encompassing method for classifying images of

forests in a way that is driven by semantics. There are still open questions about the best ontological

framework to utilize for classifying forest images. What kind of ontological approach is appropriate

for forest vegetation classification? How to present the ontology for forest vegetation classification?

What is the efficient approach to harmonizing ontologies and deep learning techniques for forest

vegetation classification? In this study, we provide a methodology framework for forest vegetation

classification that combines ontologies with deep learning methods. The study also investigates the

strengths and shortcomings of various techniques that have been employed to classify forest images.

Thereafter, a hybrid approach that combines the strength obtained from the related studies is used to

build an ontological approach for forest image classification.

Overall, the effectiveness of the models is assessed using metrics such as RMSE ( measures the

average magnitude of the errors between predicted values and observed values), MAE (measures the

average absolute difference between the predicted values and the actual values in a dataset),

confusion matrix (which is a table used to evaluate the performance of a classification model by

presenting the model’s predictions against the actual outcomes in a tabular format, ROC−AUC

curves (is a graphical plot that illustrates the diagnostic ability of a classifier system as its

discrimination threshold is varied), Accuracy (which is the proportion of correctly classified

instances out of the total instances), Jaccard score index (A measure of similarity between two sets),

precision (The proportion of true positive predictions out of all positive predictions made by the

model), recall (The proportion of true positive predictions out of all actual positive instances) and

F1-Score (The harmonic mean of precision and recall).

1.3 Aim and Objectives of the study

The study aims to develop a new ontological framework for forest image classification. The secondary

objectives are to:

• Examine the current approaches used in forest image classification.

• Evaluate contemporary methodologies suitable for forest image classification.

• Create a structured framework tailored for segmenting forest imagery.

• Develop and implement a hybrid model combining deep learning and machine learning for

classifying forest images.

4
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• Develop a comprehensive framework integrating deep learning techniques with ontology for

forest image analysis.

1.4 Thesis layout

The structure of the thesis is organized as follows: Chapter 2 reviews recent and appropriate methods

for forest image classification. The chapter also presents a thorough study of the state-of-the-art

model which has a high efficacy in classifying satellite forest images. Chapter 3 describes 2 proposed

methods that hybridize convolutional neural networks and traditional machine learning classifiers for

the purpose of segmenting satellite forest images. Chapter 4 describes 2 techniques employed to

classify forest images. One approach is an ensemble of traditional machine learning and deep

learning and the other technique is the state-of-the-art model that harmonizes deep learning and

ontologies. Finally, Chapter 5 concludes the thesis with a summary of the presented methods as well

as recommendations for future studies.

1.5 Methodology

1.5.1 Research Philosophy

This study uses the positivist research philosophy. The positivist approach to research is characterized

by an emphasis on the utilization of quantitative techniques to put hypotheses to the test and determine

the nature of the relationships that exist between different variables [18]. This study follows that reality

is objective and that it is possible to observe and assess it using empirical evidence. This study uses an

experimental design approach to determine the efficacy of a deep learning approach that uses ontology

for forest image classification.

1.5.2 Research Method

The research method of this study consists of:

• examining the benefits, drawbacks, and complementing components of the existing forest image

classification techniques.

• designing and defining a new methodology that (i) takes advantage of the strengths of current

approaches, (ii) leverages cutting-edge methods for segmenting forest images, and (iii) applies

ontology and deep learning methods to classify forest images.
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1. INTRODUCTION

1.5.3 Research Validation

The quantitative findings of this investigation are verified by means of both statistical analysis and

replication. The validity of the experiment has been measured using a variety of metrics, including

root-mean-square error, mean absolute error, Jaccard score index, accuracy, precision, recall, F1-score,

and confusion matrix. Using the approach of replication, the same experiment was repeated several

times over the same data and the results were consistent.

1.6 Thesis contribution

The contribution of our study toward forest image segmentation and classification is as follows:

• We carried out a critical analysis and survey of existing forest image segmentation and

classification methods. The survey unearthed techniques used to detect objects of interest in an

image that will be analyzed for the classification of forests. We also highlighted state-of-the-art

models as well as performance and evaluation metrics for assessing forest image classification

techniques.

• A review of modern ontology-based remote sensing applications for forest image classification

gave an insight into the power of ontologies to explicitly represent knowledge, thereby,

improving the classification process

• We designed a hybridized approach of deep learning models and machine learning techniques

for forest image segmentation. A hybrid of ResNet50 and VGG16 was adopted to generate a set

of features for the machine learning classifiers to perform the segmentation task.

• We developed a robust forest image classification model by combining the deep learning

technique ResNet50 and the machine learning model XGBoost. Deep learning was selected

because it excels at feature extraction, while XGBoost was chosen because it excels at image

classification.

• We demonstrated that the integration of semantic ontologies in deep learning models helps to

eliminate error propagation through weak attribute learning, and this concept increased image

classification accuracy.

• We demonstrated that the concept of aggregating outputs from hypernym-hyponym classifiers

significantly forest image class or category distinction.

6
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1. INTRODUCTION

1.6.1 Chapters summary

Six separate sections make up this research. Section 1 provides a basic introduction with regard to

ontology and forest image classification and the general outline of the thesis. Section 2 provides an

analysis of the currently available techniques for classifying forest images as well as a discussion of

appropriate techniques for classifying forest images, focusing on GEOBIA and ontology in

particular. Section 3 focused on segmentation, a crucial step in the image classification process.

Section 4 explains models that were used to classify forest images into their respective

categories.Section 5 discussed overall results with respect to findings from the literature survey,

segmentation, and classification. Lastly, Section 6 provides the study’s conclusion and future

recommendations. Figure 1 shows the relationship between the several papers as previously

described. Additionally, Table 1 establishes the connections between the papers that were used to

address the study’s objectives (See Section 1.3).

Fig. 1: A Graphical representation of the relationships between the papers that make up this thesis.

SECTION II

Machine Learning Methods for Forest Image Analysis and Classification: A Survey of the State of

the Art IEEE Access. 2022 Apr 25;10:45290-316.

In this research study, a survey of the various knowledge-driven and machine-learning approaches

that are currently applicable to forest image processing was undertaken. The study discussed the

limitations of the image processing technologies that are now in use and recommended the use of

7
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Table 1: Objectives and papers used to address the objectives

Objectives (1-5) Papers used to address the objectives

1 (main Objective) Paper 6

2 Paper 1

3 Paper 2

4 Paper 3 and 4

5 Paper 5

ontologies for the classification of forest images as a potential course of action for the future.

A Critical Survey of GEOBIA Methods for forest Image Detection and Classification. This

article was published in GEOCARTO INTERNATIONAL journal (Taylor and Francis)

This article promotes the use of ontologies for knowledge representation in remote sensing. In order

to do this, an overview of GEOBIA studies for image analysis and classification is provided, and the

shortcomings of current approaches in meeting the expectations of remote sensing experts are made

clear. The potential for improving GEOBIA models as well as new GEOBIA development methods

have both been investigated. To demonstrate the benefits of ontologies in detecting and classifying

satellite images, recent research that employed the concept of ontology in the classification of forest

images is examined and recommendations for the remote sensing science community are given.

SECTION III

Hybrid Learning Model for Satellite Forest Image Segmentation. This article was published in In

International Conference on Artificial Intelligence and Soft Computing (pp. 37-47). Cham: Springer

Nature Switzerland.

In this research, we used a supervised method for segmenting satellite images of forests. The

suggested model obtained a feature vector via ResNet50 transfer learning and then fed those features

into a Random Forest for classification. The Land Cover Classification Truck in Deep- Globe

Challenge provided the satellite images utilized in training and testing. The effectiveness of the

model was assessed using metrics such as precision, recall, F1-Score, accuracy, Root Mean Square

Error (RMSE), and Mean Average Error (MAE).

8
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Hybridizing Deep Neural Networks and Machine learning Models for Aerial Satellite Forest

Image Segmentation. Under Review

Forests are a vital natural resource because they substantially mitigate climate change and contribute

to the economic growth of many nations. In this regard, it is essential to constantly monitor forest

cover. This paper proposes a hybridization of deep neural networks (VGG16 and ResNet50) and

machine learning classifiers for segmenting a forest image into forest and non-forest regions. The

sole purpose of deep neural networks was to produce a set of features for machine learning classifiers

to use in the segmentation process. In this study, RF, LSVM, LDA, GNB, and kNN were used as

machine learning classifiers. Accuracy, the Jaccard score index, root-mean-square error, precision,

and recall were used to evaluate the model’s performance.

SECTION VI

Forest Image Classification based on Deep Learning and XGBoost Algorithm. This article was

published in the International Conference on Computational Science (pp. 217-229). Cham: Springer

Nature Switzerland.

This research aims to create a hybrid model that combines deep learning and machine learning to

enhance the precision of forest image classification. In order to improve the prediction capability of

classifying satellite forest images, this study proposes an ensemble approach using the Deep

Learning technology (ResNet50 in particular) and machine learning model (particularly XGBoost).

ResNet50’s primary function is to produce a feature set for use in the subsequent classification work

done by the XGBoost algorithm. Classifiers like random forest (RF) and light gradient boost machine

(LGBM) were used to evaluate the XGBoost algorithm alongside a fully connected ResNet50 model.

Ontology with Deep Learning for Forest Image Classification. Applied Sciences 13, no. 8

(2023): 5060.

This study constructed the ontology using concepts of image categories and the taxonomic link

between them. Graphical semantic information describing the training images was provided by the

9
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ontology. Each super-image category’s features were used to train a hypernym classifier recursively.

Finally, both the hypernym and hyponym classifiers were used to sort the test images into their

designated categories. It’s worth noting that compared to the control approaches, the proposed model

of harmonizing deep learning models and ontologies achieved better results. In the field of forestry,

the ontological bagging method can be used to categorize trees by species and other forms of

vegetation.

10
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2. PREVIOUS WORKS: SURVEY PAPERS

2 Previous Works: Survey Papers

2.1 Machine Learning Methods for Forest Image Analysis and Classification: A

Survey of the State of the Art

2.1.1 Introduction

This section introduces a research paper that examines previous but recent technologies in satellite

forest image classification. The paper analyzed the challenges of object detection methods, provides

a solution framework for future direction as well as presents a state-of-the-art learning model for

classifying remote sensing images.

This paper has been published by IEEE open-access journal.
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ABSTRACT The advent of modern remote sensors alongside the development of advanced parallel
computing has significantly transformed both the theoretical and real implementation aspects of remote
sensing. Several algorithms for detecting objects of interest in remote sensing images and subsequent
classification have been devised, and these include template matching based methods, machine learning and
knowledge-based methods. Knowledge-driven approaches have received much attention from the remote
sensing fraternity. They do, however, face challenges in terms of sensory gap, duality of expression,
vagueness and ambiguity, geographic concepts expressed in multiple modes, and semantic gap. This paper
aims to review and provide an up-to-date survey on machine learning and knowledge driven approaches
towards remote sensing forest image analysis. It is envisaged that this work will assist researchers in coming
up with efficient models that accurately detect and classify forest images. There is a mismatch between what
domain experts expect from remote sensing data andwhat remote sensing science produces. Such amismatch
or disparity can be reduced or alleviated by adopting an ontology paradigm methodology. Ontologies should
be used to support the future of remote sensing in forest object classification. The paper is presented in
five parts: (1) a review of methods used for forest image detection and classification; (2) challenges faced
by object detection methods; (3) analysis of segmentation techniques employed; (4) feature extraction and
classification; and (5) performance of the state-of-the-art methods employed in forest image detection and
classification.

INDEX TERMS Feature extraction, ontology, segmentation, remote sensing.

I. INTRODUCTION
Remote sensing science is rapidly growing. The evolution
of high spatial resolution remote sensors in conjunction with
advanced computing has significantly transformed the spec-
ification and practice of remote sensing [1]. Remote sensing
images are characterized by high spatial resolution and pro-
vide more explicit information on the earth’s surface as com-
pared to middle and coarser resolution images [2]. Machine
learning methods for analyzing and classifying forest images
are continuously evolving to provide more advanced auto-
matic land cover pattern recognition on aerial images.This
paper surveyed existing methods for forest ecosystem image
classification. In particular, machine learning classifiers and

The associate editor coordinating the review of this manuscript and

approving it for publication was Stefania Bonafoni .

deep learning techniques for forest image classification are
reviewed.

There are several algorithms that are geared towards detect-
ing objects of interest in remote sensing images, for the
further regional analysis and classification. These algorithms
are categorized into three groups, namely template matching
based, knowledge based, and machine learning based meth-
ods [3]. The taxonomy of image classification methods is
depicted in Figure 1.

(a) Template matching based detection methods
The template matching method determines whether a pic-

ture or an image contains a previously defined object or
whether a predefined sub image (template) has an exact
match in an image. Although this method provided one of
the first approaches for object analysis [3], its dependence
on handcrafted matching criteria limited its applicability to
complex object recognition. Once a suitable template is deter-
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FIGURE 1. Methods for object detection in optical sensing images [3].

mined, ameasure ofmatching between the template and every
possible location in the image is calculated, and a classifi-
cation decision is made based on the measure of certainty.
The most popular metric based measures are the Euclidean
distance, squared difference, and cross correlation, defined in
Equations (1) to (3):

Euclidean distance

E (m, n) =
√∑

i

∑
j

[g (i, j)− t (i− m, j− n)]224 (1)

Squared Difference Measure

E2 (m, n)

=

∑
i

∑
j

[g(i, j)2−2g(i, j)t(i−m, j−n))+t(i−m, j−n)2]

(2)

Cross Correlation Measure

R (m, n) =
∑
i

∑
j

g (i, j)+ t (i, j) t (i− m, j− n) (3)

There are two types of templates, namely, global and
local templates. When a template is used to reference the
whole (global) object in an image, it is referred to as a
global template. However, when object features (local fea-
tures of an object) in an image are referenced with multiple
or several templates, these templates are referred to as local
templates [4]. Figure 2 shows stages to be followed to deter-
mine the best templates for object detection. The challenge

FIGURE 2. Template matching based criteria [3].

with this approach is that the method does not cater for
the scale and orientation of the template [5]. It fails due to
occlusions and distortions on the boundary [6]. The method
is very sensitive to shape and viewpoint change. The solution
suggested was to have a unique representation of a template
orientation and scale that varies, but the solution becomes
computationally expensive.

(b) Machine Learning based approaches

An input image is subjected to the initial first phase
where regions or objects are extracted. Then, for each
object, features of interest are computed using Convolutional
Neural Networks (CNN). Optimal features are obtained after
a subsequent series of feature fusion and dimension reduc-
tion processes. Finally, classifiers such as Support Vector
Machines (SVM), k-Nearest Neighbor (kNN), Sparse Repre-
sentation based Classification (SRC), AdaBoost, Conditional
Random Fields (CRF), and others are used to classify each
region/object. Figure 3 shows the main important phases
of machine learning object detection, i.e., feature extrac-
tion, feature fusion, and dimensionality reduction, as well as

VOLUME 10, 2022 45291

i
i

“output” — 2024/4/2 — 14:00 — page 15 — #31 i
i

i
i

i
i

2. PREVIOUS WORKS: SURVEY PAPERS

15



C. Kwenda et al.: Machine Learning Methods for Forest Image Analysis and Classification

FIGURE 3. Machine learning methods [3].

the classification phase. Machine learning-based approaches
coupled with innovative algorithms and higher performance
computing seem to have gained popularity in remote sensing
science because they produce better results considering the
accuracy of the created maps [1]. As a result, they are used
in big land cover applications that rely on pixel based statis-
tical analysis of massive image data sets [7]–[9]. Pixel based
approaches pose challenges in the analysis of high spatial
resolution images [10] because they take into consideration
the aspects of spectral information as a backdrop for analyz-
ing and classifying high spatial resolution images, neglecting
spatial and temporal information, which are of paramount
importance. These methods are less efficient in dealing with
symbolic knowledge, that is, when concepts are characterized
by symbols, for instance, vegetation is made of grass [11].
They do not offer the function of creating a super class
whilst classes have been defined. Suppose one has defined the
following classes of interest; ‘‘trees’’, ‘‘grass’’, ‘‘road’’, and
‘‘building’’. It will then be impossible for the user to define
a vegetation class unless it has been beforehand defined as
a super class. The methods do not offer the facility to add
spatial rules [12], for instance, ‘‘grass’’ cannot be found
inside a building, but can be found in a field. Because of this
reasoning limitation, data-driven approaches are unsuitable
for use in applications areas such as ecology, that deal with
earth observation.

(c) Knowledge based detection methods

These methods have been applied to land slide, crops,
urban land change and forests [13]–[16]. Figure 4 shows the
processes whereby an input image goes through a hypothe-
sis generation phase, the hypothesis is validated and tested
using the established knowledge and rules. Post processing
of validation results will be subjected to machine learning for
final object detection. Knowledge and rules from geometric
information and context information will be used to test the
validity of the hypothesis generated from an input image,
if the hypothesis is valid it will be subjected to machine
learning for object detection [17]. Generally, there are two

FIGURE 4. Knowledge based object detection systems [3].

types of knowledge that have been used on target objects, and
these are geometric knowledge and context knowledge.

(a) Geometric Knowledge
This type of knowledge is the most important in a
knowledge-based approach and is widely used for object
detection. It encompasses generic shapemodels or parametric
specifics. For instance, it is proposed in [18] that buildings are
square or composed of rectangular segments and are utilized
as conventional models of shapes to distinguish buildings.

(b) Context knowledge
Context knowledge is very important for key objects, and
it is expressed by rules derived from relationships between
objects of interest and their respective backgrounds [14], [19],
[20]. For instance, shadow evidence has been used for build-
ing detection [21], the correlation between artificial structures
such as buildings and their respective shadows has been used
to project locations and shapes of buildings [22].

Recently, knowledge-driven approaches seem to be the
direction taken by the remote sensing science community [3]
since they incorporate domain expert knowledge. Geographic
Object Based Image Analysis (GEOBIA), which classifies
image objects based on apriori domain expert knowledge,
is proving to be a key trend in remote sensing image anal-
ysis. GEOBIA is a classification technique that divides a
remote sensing image into objects of interest and evaluates
the objects based on their spectral, temporal and spatial char-
acteristics. The generation of objects of interest is done using
different segmentation approaches such as random walker,
canny, histogram-based segmentation, etc. An algorithm is
deemed effective in segmentation if and only if a segmented

45292 VOLUME 10, 2022

i
i

“output” — 2024/4/2 — 14:00 — page 16 — #32 i
i

i
i

i
i

2. PREVIOUS WORKS: SURVEY PAPERS

16



C. Kwenda et al.: Machine Learning Methods for Forest Image Analysis and Classification

image object completely matches the corresponding Actual
Image Region (AIR) of a scene object. [2], proposed a blend
of area coincidencemethods and boundary coincidencemeth-
ods for assessing segmentation quality. The area coincidence
methods select an image that has the dominant or largest
area of intersection with the AIR. The boundary coincidence
methods calculate the distance between a point of interest in
a segmented image and that of its corresponding point on
the AIR. The segmentation quality is high when the mea-
sured distance is much closer to zero. Segmentation eval-
uation methods can either be Unsupervised or Supervised.
Supervised techniques evaluate a segmented image based
on a ground truth image also referred to as the reference
image. The evaluation of unsupervised methods is solely
dependant on the segmented image as it has to assess the
extent to which the image matches the desirable features
of a good segmented image. [23] proposed four metrics
(Equations 4-7) for assessing supervised segmentation qual-
ity namely F-measure, SUM which should be less than 2,
ED that indicates distance to point (0,0) in the space and ED’
that indicates distance to point (1,1) in the space.

f =
1

α 1
precision + 1− α 1

recall

(4)

sum = precision+ recall (5)

ed =
√
precision2 + recall2 (6)

ed ′ =
√
(1− precision)2(1− recall)2 (7)

Two other metrics that take into account the over and under
segmentation errors, GOSE and GUSE, respectively, are pro-
posed [24]. Rand Error(RE) is another widely used metric
for evaluating supervised approaches. RE is a measure of is
defined in Equation 8 [25]. Let R1 and R2 be segmentation
regions of image S with t pixels and the following holds:

• n correspond to the number of pixels in image S that
appear in both R1 and R2

• m correspond to the number of pixels in image S that are
neither in R1 and R2

RE =
n+ m

(
n
2
)

(8)

A criterion for unsupervised technique that balances homo-
geneity and inter-segment heterogeneity is proposed by
Wang et al. [26] as in Equation 9.

Z = T + λD (9)

where, T and D represents intra-segment homogeneity and
inter-segment heterogeneity, respectively. Another metric for
unsupervised techniques proposed by Gao et al. [27] is the
Global Score (GS). GS incorporates weighted variance (WV)
and Moron’s I and is defined in Equation 10.

GS = Vnorm + Inorm (10)

FIGURE 5. GEOBIA WORKFLOW [28].

The final step of GEOBIA is image classification. The com-
mon image classifiers for GEOBIA are Random Forest (RF),
Simple Vector Machines (SVM), k-Nearest Neighbor (kNN)
and Naive Bayes (NB) [28].

Figure 5 shows GEOBIA workflow [28] that imple-
mented three different algorithms, namely, Large Scale Mean
Shift (LSMS) in OTB, the Shephered segmentation algorithm
in RSGISLib and the Multi-resolution segmentation (MRS)
algorithm in eCognition. However, GEOBIA solutions do not
give answers to every segmentation problem. Even though
GEOBIA is more efficient than pixel-based approaches, seg-
menting a multi-spectral image made up of thousands of
mega pixels remains a challenging task [29]. Another draw-
back of GEOBIA is that it approximates, to some extent,
computer-aided photo interpretation, which has been criti-
cized as being highly subjective [5]. However, in the last
decade, knowledge-driven techniques, like GEOBIA, have
gained traction as a means of bridging the gap between
implicit data representation and end-user needs. Knowledge-
driven approaches consist of translating symbolic knowl-
edge into a format understandable by humans into numerical
knowledge.

Vegetation indices obtained from satellite images pro-
vide valuable information which is essential for the map-
ping of vegetation. The Normalised Difference Vegetation
Index (NDVI) has proven to be a valuable tool, particularly
in tropical dry forests, where it serves as a foundation for
estimating overall green biomass, tree density, and species
diversity [30]–[32]. NDVI is an indicator that determines
the greenish component from the analyzed satellite images.
NDVI provides a balance between the energy received and
the energy emitted by objects on the earth’s surface [32].
In the context of plant communities, it is an indicator that
determines how greenish an area is, and that is influenced
by the quantity of vegetation in that particular area and
its state of health. The NDVI values range from −1 to
+1. The values that are less than 0.1 correspond to water
bodies and bare grounds, while higher values indicate the
presence of agricultural activities, temperate forests, and rain
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FIGURE 6. Symbolic to numerical knowledge conversion.

forests [32]. The NDVI values can be used to group the
vegetation ecosystems into 4major categories as follows [33]:
forests made up of semi-deciduous and evergreen have
NDVI ≥ 0.7, woodlands are defined by the range
(0.6 ≤ NDVI < 0.71), a mixed class that is composed of
a) shrub land, b) woodland/shrub land/exposed lands, and
c) cactus forest have the range (0.49 ≤ NDVI < 0.61) and
the dwarf woodland and shrub land assume the range of
(NDVI < 0.49) [33]. For instance, a forest concept made
up of semi-deciduous and evergreen is described by high
NDVI values and when translated into numerical knowledge,
it is implemented by the classification rule set: Forest =
(NDVI ≥ 0.71). Figure 6 shows the symbolic to numerical
knowledge conversion.

II. OVERVIEW OF THE CHALLENGES FACED WITH
KNOWLEDGE BASED APPROACHES
A. DIFFERENT MODES OF DEFINING GEOGRAPHIC
CONCEPTS
A geographical concept can be defined from different
perspectives; the definition might be based on physical, his-
torical, functional, or conventional mode [34]. Various meth-
ods of defining the same geographic concept bring about
elective perspectives on the definition of the same concepts;
for example, an idea can be characterized by elective defi-
nitions that are not basically the same, despite the fact that
they are normally correlated [35]. From a functional view-
point, the role of the forest primarily acts as a repository
for storing carbon. This is correlated by the Net Primary
Productivity (NPP) values. Forests can also be defined based
on physical attributes such as vegetation cover, phenology,
vegetation, age, etc. A tremendous effort is still in place to
standardize land cover classes in land cover classification sys-
tems (LCCS) [36]. The term ‘‘forest’’ is defined differently by
different organizations and countries; for instance, in Brazil
an area that is regarded as a forest, has an area that exceeds
one hectare, is characterised by a 30% canopy, and is com-
posed of trees with a minimum height of 5m [37]. A forest
in China is defined as an area larger than 0.67 hectares in
size, with at least 20% crown cover and trees standing at least

2 meters tall. The Food and Agriculture Organization (FAO)
standardised the definition of forest to refer to a land area
spanning over 0.5 hectares enveloped by trees at 5m and
above, with a canopy cover of 10%. This definition excludes
land under agricultural or urban land use [38].

B. DUALITY OF GEOGRAPHIC CONCEPTS
Two important major terms arise from the concept of dual-
ity, that is, scene and image. A scene is real and exists on
the ground, whereas an image is an assortment of spatially
orchestrated estimations drawn from the scene [1]. Compo-
nents obtained from images are regarded as abstractions of
real objects in the ground scene [39]. Forest concepts can be
viewed either from a real world perspective (a forest concept
is characterized by highNPP values) or from image properties
(a forest concept is defined by high NDVI values). In the case
of forests, the assertion that NDVI is correlated to NPP is
not always valid because NPP lacks information on attributes
such as vegetation height, vegetation cover, and so forth.
This anomaly is also referred to as the sensory gap. With
this notion, sensory gaps cause improbability in describing
geographic objects [40].

C. VAGUENESS AND AMBIGUITY OF GEOGRAPHIC
CONCEPTS
The process of connecting attribute (e.g. NDVI) range of
values (for instance, high) to geographic concepts (e.g. for-
est concept) is not easy [1]. The reason behind this is that
the associated value ‘‘high’’ is qualitative in nature, so the
obtained classification rule becomes vague and ambiguous.
Some pixels (image objects) inside the image in Figure 7 are
not classified as forest, though in nature they are consti-
tuted as forest areas. When qualitative terms like ‘‘high’’
are employed to identify objects with sharp, crisp bound-
aries, threshold ambiguity occurs. Qualitative description of
geographic objects raises partiality issues. For instance, the
symbolic classification rule ‘‘high NDVI’’ partially describes
the forest because:

(a) It is very difficult to fish out only forests in areas
that have other crops with the same NDVI values as
in Figure 9.

(b) It is also impossible to classify all the varying types
of forests because, in some cases, there are some
forests that have ‘‘low NDVI’’ values, such as the
degraded forests in Figure 8.

Ambiguity arises in all caseswhere a natural language expres-
sion can have various meanings [41]. The usual one is lexical
ambiguity, which emerges because of the homonym of reg-
ular language articulation, that is, an expression with more
than one meaning, such that each meaning points only to one
ontological concept unambiguously [41]. More than 800 dif-
ferent definitions of forest concepts are provided in [42].
Deep ambiguity, also referred to as open texture, exists where
there is no clear boundary between concepts or terms or
cases where the meaning of a concept changes over time, for
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FIGURE 7. Concepts of vagueness.

FIGURE 8. Forests having low NDVI values.

instance, when a new technology appears or the physical or
social context of the term evolves.

D. SEMANTIC GAP
It arises from the vagueness and ambiguity of geographic
concepts. It is defined as a mismatch between data extracted
on the basis of visual information and the interpretation
drawn from the same data in a given situation [40]. This is
so because converting visual data (from human perception)
to computational representation is a very difficult task. The
translation first requires expressing perception of visual data
into a symbolic knowledge representation format (e.g. forests
have high NDVI values). Such a conversion is a very dif-
ficult task since some concepts have vague meanings when
expressed in natural language [43]. For instance, color may
be considered a significantly important biophysical prop-
erty [44], but its perception varies amongst humans and it is
difficult to express.

III. INTRODUCTION ON ONTOLOGIES
Sharing knowledge among people is feasible only if people
speak a common language [42]. The traditional definition of
‘‘knowledge is a subset of true beliefs’’ [45]. It is the intersec-
tion between truth and beliefs, as represented in Figure 10.
Ontologies enable formal (machine-understandable) repre-
sentation of knowledge. In computer science, ontology is
defined as an explicit, formal specification of a shared con-
ceptualization [46]. An ontology is a systematic description
of existence, and this term is drawn from philosophy. What

FIGURE 9. Other crops having high NDVI as forests.

FIGURE 10. Definition of knowledge [45].

‘‘exists’’ for Artificial Intelligence (AI) systems is that which
can be represented. The following properties, with corre-
sponding definitions, should be observed: (1) conceptualiza-
tion, means that an ontology is an abstract model of a real
world phenomenon; (2) explicit, implies that all ontology
concepts must be clearly defined; (3) formal, implies that an
ontology is machine understandable; and (4) shared, means
that there should be consensus amongst a community of
people about the knowledge represented by the ontology.

A. FORMAL ONTOLOGIES
Remote sensing science experts are conversant with work-
ing on numerical knowledge that has been derived from
an image viewpoint [47]. Numerical knowledge represen-
tation by nature suffers from the problem of partiality and
implicit knowledge representation, hence it becomes diffi-
cult to share the knowledge with other scientists, such as
ecologist, agronomist, etc., who are used to working with
symbolic knowledge in describing a geographic concept, for
instance, a forest concept is defined by ‘‘High NDVI’’ values.
Formal ontologies provide a road map that caters for the
representation of both symbolic and numerical knowledge.
Formal ontologies can be utilized to unequivocally portray
a perception or observation from different perspectives, for
instance, the extensible observation ontology (OBOE) is
utilized to portray the semantics of scientific observations.
An observation of an entity encompasses the characteristics
(e.g. biomass) of the entity based on a measurement standard
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FIGURE 11. Dual representation of concepts.

(grams). Ontologies for remote sensing science applications
based on description logic offer the following advantages;
• Symbolic language - it binds/associates concepts with
relevant sensing data and also promotes binding of
related concepts.

• Knowledge sharing - it advocates for common concep-
tualization and adoption of standard ontology language
such as web ontology language.

• Reasoning - description logic in ontology allows the
inferring of new knowledge from explicit descriptions.

B. ONTOLOGY KNOWLEDGE BASED AS A SOLUTION
This section outlines how the adoption of ontologies in
knowledge base approaches helps in alleviating the problems
addressed in Section 2.0.

1) DUALITY OF GEOGRAPHIC CONCEPTS
Ontologies incorporate the concept of perspectivalism. That
is, they allow the separate description of a field point of
view of a forest concept. For instance, a forest concept can
be specified in terms of attributes such as ‘‘high’’ NPP, leaf
type, and so on. The other angle of description is from the
point of view of an image of geographic objects. That is,
a forest can be defined in terms of attributes such as ‘‘high’’
NDVI, texture, and wavelength. In general, it allows for the
separate description of geographic entities and geographic
objects alongside their characteristics. Figure 11 shows the
dual representation of a geographic feature, that is, it can be
described either from the perspective of a geographic entity
or from the perspective of a geographic object.

2) VAGUENESS AND AMBIGUITY OF GEOGRAPHIC
CONCEPTS
Fuzzy logic is the most popular way of handling the vague-
ness of geographic concepts [48]. Processing of data is done
using partial set membership rather than strict set member-
ship. For example, a forest concept is not considered to be
strictly ‘‘green’’, but rather is considered to belong partially
to some degree to the set of things that are green. [49] defined

FIGURE 12. Solving sensory gap challenge.

two thresholds i.e. ambiguity reject threshold and the distance
reject threshold. Ambiguity reject threshold is defined by the
rule αamp ∈ | 0.5, 1 | and define the degree of confidence
required to recognise an object. Distance reject threshold is
defined by the rule αdist ∈ | 0.1 |, this means an object x
is unlikely to belong to both classes Ck and ¬ Ck and
might belong to a concept not yet learnt. Vagueness can also
be addressed by adopting probability ontologies. They use
probability sets to define concepts of interest. Attributes in
the set properties have probabilities attached to them, and the
statistical measure of the probability value of the geographic
concept [50] is used to determine whether a geographic
concept is a member of a class. Ambiguity in ontologies
can be reduced by limiting the information that describes a
concept [41].

3) SENSORY GAP
The discrepancy between real objects and their depiction in
images is known as the sensory gap. As referenced by [40]
sensory gap can be reduced by explicitly defining the domain
and world knowledge in the system. Knowledge about phys-
ical laws, laws governing the behavior of objects, and how
people perceive them will all be incorporated into the system
in the hope of enhancing recognisers and thereby assist-
ing machines in bridging the sensory gap [51]. However,
in ontologies, real world description of forest entities is corre-
lated with matching image point description of forest objects,
i.e., NDVI is correlated with NPP [2]. Figure 12 shows how
a real world description of a forest concept can be mapped to
an object description in an image. An object description of an
image is easily formalised on a computer.

4) SEMANTIC GAP
The semantic gap is the discrepancy between the high level
descriptions of images by humans and the low-level detection
used by machines to detect images [52]. On the other hand,
adding captions and annotations to images solves the prob-
lem [50]. Themethod is time-consuming and costly because it
requires a lot of effort, machine algorithm tweaking, and close
attention to vocabulary and content to ensure that photos are
appropriately labeled [50]. In ontologies, however, an image
feature (e.g. NDVI) and its associated value (‘‘HIGHNDVI’’)
are used to define a pixel (image object) of a forest con-
cept. The ‘‘HIGHNDVI’’ concept is formalized as a result
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FIGURE 13. Object features hierarchy in ontology [55].

TABLE 1. Ontological framework for RSI concepts.

of the established relationship between symbolic informa-
tion (e.g. ‘‘HIGHNDVI’’) and numerical knowledge (e.g.,
NDVI>0.7), hence the semantic gap is reduced.

IV. ONTOLOGICAL FRAMEWORK FOR RSI (REMOTE
SENSING IMAGE)
[53] proposed a novel framework for RSI. The framework
is made up of important terms or concepts. These include
satellite, sensor, image, spatial resolution, and spectral res-
olution. The elements are shown in the table 1. Slot is mainly
concerned with the spatial and spectral resolutions, which
relate to the scope, although there are no related elements in
the range component. Spectral resolution is one of the most
important concepts for the framework. It follows a top down
approach method, where the concept is parceled into two sub-
components, i.e. the visible part and the infrared part. The
visible is made up of three color segments, i.e. the RGB (red,
blue, and green). The infrared part is also made up of three
segments, i.e. thermal infrared, near infrared, and far infrared.
The parameters suited for the slot are explicitly defined
and include has_spatial_resolution, has_spectral_resolution,
etc. [47] developed a simple ontological approach for remote
sensing image classification. The prototype was built upon
the expert remote sensing knowledge expressed in [54].

A. ONTOLOGICAL FRAMEWORK FOR OBJECT FEATURE
EXTRACTION
After an image goes through a segmentation process, each
region is characterised by a set of features. The feature extrac-
tion process from eCognition software follows the general

upper ontology defined using the top down method [55]. The
features are divided into six categories, namely LayerProp-
erty, GeometryProperty, PositionProperty, TextureProperty,
ClassProperty, and ThematicProperty. The selection of fea-
tures of interest is performed by an expert to allow object
detection. Figure 13 shows a hierarchical breakdown of object
features from the six categories. GeometryProperty, Texture-
Property, and ThematicProperty are important features in
detecting forest objects [56].

B. ONTOLOGY MODEL OF THE LAND COVER CLASS
HIERARCHY
The upper-level ontology is developed using concepts from
land cover classification systems (LCCS) [36]. Figure 13
shows a hierarchically simplified way of representing
classes of interest emanating from the main land cover
class [53]. [55] designed an upper level ontology for the
Chinese Geographic Condition Census Project [57].
Figure 14 depicts the design of an eight land cover ontology.
The procedure was as follows:

1) The first step was to establish a set of important terms,
in this case; Fields, Woodland, Grassland, Orchards,
Bare land, Roads, Building and Water.

2) Classes and class hierarchies were then defined, A land
cover class was defined through a top down approach.

1) ONTOLOGY MODEL OF THE DECISION TREE CLASSIFIER
Ontologies typically express two algorithms, namely decision
trees and semantic rules [55]. [58], [59] used decision trees in
the field of ontologies to cluster and classify image objects.
Findings proved that decision trees enhance ontologies to
granulate information, thereby increasing image classifica-
tion accuracy. [59] uses decision trees to solve the problem
of inconsistency between overlapping ontologies. [47] use
decision trees for ontology matching; the matching process
is purely based on derived decision tree rules for an ontology
that are compared with rules for external ontologies. [55]
designed an ontology model for decision tree classifier that
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FIGURE 14. Land cover class hierarchy in ontology [55].

FIGURE 15. Ontology model of the decision tree classifier [55].

consists of three parts; (1) a set of decision trees is composed
of all essential terms and concepts, for instance, a node and a
leaf; (2) a slot is defined by the following inequality symbols
>≥,<,≤(3). The final step is to create the nodes. Figure 15
shows the elements of the decision tree classifier.

2) ONTOLOGY MODEL OF THE SEMANTIC RULES
[55] followed a two phased approach to designing an ontol-
ogy model for semantic rules; the first is the establishment of
mark rules, followed by decision rules. Mark’s rules convert
low level features to semantic concepts. On the other hand,
decision rules are inferred frommark rules and apriori knowl-
edge.
• Ontology model for mark rules

The morphology of semantic notions is classified into strip
and planar; the shape is regular and irregular; the texture is
smooth and rough; the brightness is light and dark; the height
is high, medium, and low; and the position relationship is
adjacent, disjunct, and contained. The ontology model of the
mark rules is shown in Figure 16
• Ontology model of the decision rules

Ontologies explicitly represent concepts in the same way
humans describe concepts in their domain of interest. How-
ever, ontologies that are developed disregarding decision
rules have proved to be computationally expensive [60].
This is due to their inability to capture the kinds of
decision-making knowledge that arises in practice, such as
those involvingmultiple ontologies. Decision rules on ontolo-
gies help in three ways, namely: [61], [62]; (a) they take into
cognisance primitives from multiple ontologies as well as
primitives that are not part of the rule framework; (b) they
are time dependant (c) they incorporate default assumptions.
Eight types of land cover obtained from the Chinese Geo-
graphic Census Project [57] were defined in terms of a rule
as outlined in Figure 17.

C. SEMANTIC NETWORK MODEL
Semantic networks graphically represent knowledge in the
form of nodes and links, whereby links provide hierarchical
relationships between objects [63]. The semantic network
model explicitly express knowledge through concepts and
their corresponding semantic relations [55]. This is shown in
Figure 18. The network bridges the gap between low-level
characteristics and high-level semantics, reducing the seman-
tic gap.

D. ONTOLOGIES FOR KNOWLEDGE MANAGEMENT
Framework ontologies and domain ontologies are the two
most important types of ontologies. Frameworks, or foun-
dation ontologies, consist of concepts explicitly expressed
in high-level knowledge (for human understandability), and
they are also not designed for a specific domain. A domain
ontology has knowledge tailor-made for a specific domain,
e.g., remote sensing. Domain ontology eave drops from
framework ontology. Domain ontologies have a hierarchical
structure of two levels; the first level is called the ABox,
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FIGURE 16. The mark rules in ontology [55].

FIGURE 17. Decision rules based from ontology [55].

and the second level is called the TBox. ABox contains
assertions (or rules) that comprise the theory that the ontology
describes in its domain of application [64]. TBox is where
experts conceptualise their knowledge in a specific scientific
domain [47]. There are vast paradigms for modelling ontolo-
gies, but chief amongst them are Description Logics(DL) [65]
and rule formalism. The DL formalism serves as a foundation
for building ontologies using the web ontology language
(OWL) [66]. Ontologies can be inferred from new knowledge
using DL, which makes ontologies machine understandable.

E. MODULAR ONTOLOGICAL APPROACH
The modular approach is the best way of building complex
ontologies from simpler (modular) ontologies in a constant
and well-defined way [67]. Such an approach allows collabo-
rative development by many different domain experts to build
a single ontology through the integration of independently
developed ontologies. The ontological approach is carried out
in such a way that TBoxTs are not changed when elements
of T’ are reused in another TBoxT. Formalisation of such a
property follows the conservative theorem [68].
Definition 1 (Conservative Extension): Let T and T’ be

TBoxes, Sig(α) be a signature of axiom α and Sig(T’) be

FIGURE 18. The semantic network model [55].

signature of TBoxes of T’. Then T ∪ T ′ is a conservative
extension of T’ if for every axiom α with Sig(α) ⊆ Sig(T’)
we have T ∪ T ′ ⇒ α iff T’ ⇒ α [67]. In addition, if two
independent parts T1 and T2 of an ontology T, are constructed
in a modular way, then T remains modular as well. These are
formalised as follows [67]:
Definition 2 (Modularity): Let Loc(T) be a local signature

T and Ext(T) be external signature. A set M of TBoxes T with
Sig(T)= Loc(T) ] Ext(T) is a modular class if the following
condition holds:
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FIGURE 19. Structure of knowledge base [47].

M1. if T ∈ M, then T ∪ T’ is a conservative extension of
every T’ such that Sig(T’) ∩ Loc(T) = θ

M2. If T1,T2 ∈ M, then T = T1 ∪ T2 ∈ M with Loc(T) =
Loc(T1) ∪ Loc(T2)

Falomir at al [66] proposed three levels of knowledge that
are imperative for designing a modular ontological approach:
the reference conceptualisation (which provides a description
of images and image objects), the contextual knowledge (a set
of rules defined by a domain expert) and the image facts
(these are semantic descriptions of image content). Figure 19
illustrates how the reasoner assigns image objects to their
corresponding concepts based on facts drawn from reference
conceptualisation and contextual knowledge also drawn from
reference conceptualisation.

(a) The reference conceptualisation
It is a general model for describing image objects in remote
sensing. It consists of two packages, namely, (1) the image
structure package and (2) the image processing package [47].
The image structure package is superimposed with the Ima-
geObjects concepts, which describe objects according to their
characteristics, and the ImageObjectFeature concept, which

links related concepts with associations such as ‘‘hasfeature’’.
The image processing package is composed of the Pseu-
doSpectrallndex and SpectralBand concepts. The concepts
help remote sensing experts describe contextual knowledge.
Concepts such as spectral bands and texture are used by
remote sensing experts to interpret remote sensing images.

(b) The Contextual Knowledge

Contextual knowledge’s purpose is to represent remote sens-
ing expert knowledge using DL, hence the name ‘‘contextual
knowledge.’’ The basis of this knowledge comes from the
Remote Sensing Science expert. As a result, it is a ‘‘subjec-
tive’’ description of image rules rather than an ‘‘objective’’
depiction of image structure. Figure 20 shows the concepts,
relations, and instances in conceptual knowledge.

(c) The Image Facts

These are facts extracted from image analysis, and they are
stored in the ABox [47]. The TBox contains the reference
conceptualisation and the contextual knowledge [47]. Facts
in ABox provide semantic descriptions of image objects, and
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FIGURE 20. Conceptual knowledge showing concepts, relations and instances in an ontology [47].

the description is done with the help of reference conceptual-
isation and conceptual knowledge.

V. VEGETATION DETECTION
Unsupervised and supervised classification algorithms are
very crucial in identifying vegetation areas.

A. UNSUPERVISED CLASSIFICATION INDICES
Spectral indices are used in thesemethods to detect vegetation
areas. The Normalized Difference Vegetation Index (NDVI),
which is calculated for each pixel in an image, is one of
the indices utilized. The NDVI image is represented in a
gray scale image. As shown in Figure 21: image (a) is a
representation of an image using the RGB channel; image
(b) is the representation of the same image in an NDVI format
using the gray scale.

NDVI =
ψIR− ψR
ψIR+ ψR

(11)

Equation 4 illustrates the calculation of NDVI, where ψIR
and ψR are pixel values in the infrared and the red band
respectively. The formula defines vegetation as areas that
have a higher reflective index in the infrared than the red band

FIGURE 21. (a)RGB input image (b) NDVI image [69].

index. The formula was then refined to take into account the
spectral index [70].

SI =
ψR− ψB
ψR+ ψB

(12)

Equation 5 illustrates the calculation of SI, where ψ B is the
pixel value in the blue band and ψ R is the pixel value in
the red band. An NDVI value and a SI value are binarized to
create a vegetation mask. This is shown in Figure 22.
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FIGURE 22. Image (a) SI image (b) vegetation mask obtained with the
NDVI and SI indexes [69].

B. SUPERVISED CLASSIFICATION INDICES
Detection of vegetation by spectral indices is highly depen-
dent on spectral characteristics. In other cases, supervised
classification methods are primarily based on Support Vector
Machines (SVMs). The feature vector that defines all pixels
in the training data set contains four characteristics, namely:
the reflectance value of each pixel in the infrared, red, green,
and blue. Supervised methods do well in distinguishing
between non-vegetation and vegetation areas through spec-
tral indices. It necessitates the use of a SVM capable of
determining the best linear separator. Random Forest (RF),
k-Nearest Neighbour (kNN), SVMand sparse representations
are among pixel wise classifiers that have been used for the
last decade [71]. These traditional methods only consider
spectral information as the basis of the classification process,
disregarding spatial contextual informationwhich contributes
significantly to the classification performance [71]. Several
researchers have proposed a hybrid of spectral-spatial classi-
fication that takes into account both the spatial context and
spectral information, based on the assumption that pixels
from a local region have similar spectral information. [71]
proposed a hybrid model of kNN combined with guided filter
for hyper-spectral image (HSI) classification of forest trees.
Joint hybrid model of kNN and guided filter (PGF-kNN) was
used to optimise hyper-spectral images produced by kNN.
Optimised hyper-spectral imageswere taken in as input by the
Joint kNN, and processed to produce the classification maps.
Each class map was converted into a probability value and the
class map with the highest probability value was chosen as
the classification result. [72] conducted a study to determine
the reliability of RF and SVM algorithms in the classification
of very high resolution images (VHR), obtained from oak
woodlands of a Mediterranean ecosystem. The first stage was
data acquisition, where images were subjected to a Structure-
Form-Motion (SFM) technique to identify common features
in overlapping images. Each image was then orthorectified
through the interpolated digital surface mode (DSM). Finally,
all the images were combined into an orthomosaic. The
workflow of the study followed 4 main steps, namely, pre-
processing, segmentation, classification and accuracy assess-
ment. Figure 23 shows the workflow of the proposed model.
In the preprocessing stage each input layer was subjected

FIGURE 23. Workflow that presents the stages of preprocessing,
segmentation, classification and accuracy assessment [72].

to a linear band covering a range of 8 bits, that is, from
a minimum of 0 to a maximum of 255. The process was
done to normalise each band, to suppress the effect of pos-
sible outliers on the segmentation. A layer stretching process
was performed on images containing R-G-NIR (Red, Green,
Near-Infrared) bands, obtained during spring and summer
seasons through integrating NDVI and DSM data, to obtain
the final 2 five band orthomosaics. Such a process was of sig-
nificant importance because OTB segmentation requires only
one rasta image as the input data. Spectral separability is of
significant importance when it comes to image classification.
The M-static defined in Equation 13 was employed [72] to
measure the separability of NDVI and DSM layers of varying
types of vegetation.

M =
| µ1 − µ2 |

σ1 + σ2
(13)

where, µ1 is the mean value of class 1 and µ2 is the mean
value of class 2. σ1 is the standard deviation of class 1 and
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FIGURE 24. Flowchart of the model that harmonises RF and kNN [73].

σ2 is the standard deviation of class 2. If M < 1 it signifies
overlap of classes, if M > 1 it denotes that classes are well
separable. The segmentation process considered both seman-
tic properties and radiometric information. Large-scale mean
shift (LSMS) segmentation was used in the study because of
its ability to perform tile-wise segmentation of large VHR
imagery [72]. The OTB LSMS segmentation process fol-
lowed the steps of LSMS smoothing, LSMS segmentation,
LSMS merging and LSMS vectorisation. Classification was
performed for five different land cover classes, namely, grass,
cork oak, soil, shrubs and shadows. Two supervised learn-
ing algorithms including RF and SVM were used to per-
form the classification. SVM performs linear separation in
a hyperspace using a µ(.) mapping function. In the case
where objects are not linearly separable, the kernel method
is used where it takes into account projections of feature
space [72]. RF uses decision trees for bagging to produce dif-
ferent subsets of variety of trees. Every decision tree in the RF
participates in the classification process and the classification
label returned is the class with the most votes.

Another study [73] analysed the performance of kNN and
RF classifiers for mapping forest fire areas. The authors [73]
implemented kNN and RF to classify forest areas and
explained the effects of different satellite images on both
classifiers. Figure 24 shows the flow chart of the model.
The model being a supervised approach was implemented
by using multi-spectral images obtained from Landsat8,
Landsat-2, and Terra sensors. The classification accuracy was
determined by the confusion matrices. The machine learning
classifier based on kNN and RF produced excellent results
with k set to 5 for kNN and 400 trees for RF. The results from
the hybrid model achieved a very high classification accuracy
with an Overall accuracy (OA) > 89% and Dice coefficient
(DC) > 0.8. Other studies [74], [75] have also implemented

non-parametric algorithms such as kNN and RF in remote
sensing applications.

VI. IMAGE SEGMENTATION
An input image is partitioned (or subdivided) into meaning-
ful image objects (segments). Image segmentation can be
classified into two categories: supervised (empirical discrep-
ancy methods) and unsupervised (empirical goodness meth-
ods) [76]. Unsupervised approaches evaluate a segmentation
result based on how well the image object matches a human
perception of the desired set of segmented images, and they
use quality criteria that are typically created in accordance
with human perceptions of what constitutes a good segmen-
tation. Supervised methods compare a result from segmenta-
tion with a ground truth [2]. If ground truth can be reliably
established, supervised methods are preferred.

A. TYPES OF IMAGE SEGMENTATION
Pixel, edge, and region-based image segmentation methods
are the three primary types of traditional image segmenta-
tion. [77].

(a) Pixel Based Methods
This method involves two important processes: (1) image
thresholding and (2) segmentation in feature space. For
image thresholding, image pixels are divided according
to their intensity level [78]. There are three types of
thresholding [79], [80]:

(1) Global thresholding - T being the appropriate
threshold value. The output of an image q(x,y)
based on T is obtained from an original image p(x,y)
as

q(x, y) =

{
1, ifp (x, y) > T
0, ifp (x, y) ≤ T
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(2) Variable thresholding - This when the value of T
varies varies over an image and it comes in two
flavours:

• Local Threshold - T depends on the neighborhood of x
and y.

• Adaptive Threshold - T’s value is a function of x and y.
(3) Multiple thresholding - It has multiple values of T.

The output image is computed as follows:

q(x, y) =


m, ifp (x, y) > T1
n, ifp (x, y) ≤ T1
0, ifp (x, y) ≤ T0

However, these methods suffer from incomplete segmenta-
tion, so the output results need to be clumped. Also, these
methods are appropriate for images with lighter objects than
the background.

(b) Edge Segmentation methods
Edge-detecting operators are employed to detect all possi-
ble edges that are found in an image. Adjacent edges are
clearly separated by a gray sharp edge, but there could be
a case where the gray value is not continuous [81]. The
edges will be represented by discontinuity in gray level, color,
texture, etc. This discontinuity is detected by using derivative
operations such as differential operators [82]. The Prewitt,
Roberts, and Sobel operators are the most frequently utilized
first order differential operators [83]. There are a number
of edge detection operators such as the template matching
edge detectors. One challenge with edge-based segmentation
is that sometimes it presents edges in locations where there
is no border. Filtering, enhancement, and detection are the
three processes in edge segmentation algorithms [77]. The
purpose of the filtering process is to reduce the amount of
noise present in the imagery. The enhancement uses high
pass filtering to detect and reveal local changes in intensity.
Finally, the edges detected (using threshold techniques) are
combined or linked together to form the boundaries of the
image object. One challenge with edge-based segmentation
is that, sometimes it presents edges in locations where there
is no border.

(c) Region Based Segmentation
Images are segmented into regions with similar properties
using region-based approaches [81]. There are three types
of region based segmentation, namely: (1) region-growing
segmentation, (2) region-splitting and merging segmenta-
tion [82], [84].

(1) Region Growing Segmentation
It starts with the matrix’s origin (seed point), which is then

subjected to a rule that joins surrounding pixels to these start-
ing regions, and the procedure is repeated until a particular
threshold is met [81]. The method is repeated until there
are no more pixels to ascribe. This process is repeated until
the entire image is segmented. The algorithms, on the other
hand, suffer from a lack of control over the region’s growth
break-off criterion [85].

FIGURE 25. Region splitting.

FIGURE 26. Image segmentation state of the art [76].

(2) Region splitting and region merging

The original image is split or subdivided into sub images.
Each sub-image is recursively divided into its own
sub-images based on the condition or predicate given. If the
condition is not satisfied, further splitting ceases [82].
Figure 25 shows the splitting process.

B. IMAGE SEGMENTATION STATE OF THE ART
Reference [76] proposed a segmentation process that
improves segmentation accuracy bymodifying the super-pixel
extraction methodology so as to increase robustness to added
noise. The segmentation method is based on Gabor filter-
ing and Principal Component Analysis (PCA). Figure 26
presents the state-of-the-art segmentation process. The
method depends on two principal tasks: (1) pre-segmentation
(super-pixel extraction), and (2) clustering of previously
extracted pixels.

(a) Pre-segmentation

An input image is subdivided into a number of regions
of interest. Each region is made up of pixels with similar
features. The Watershed Transform (WT) clustering based
super-pixel algorithm has previously been considered for
super-pixel extraction [86], [87].

(b) Gabor filter

Gabor filters are used to extract spatially localized spectral
features [76]. They have been advocated for because they are
based on principles found in similar human visual systems
and have key features that can be utilized to segment images.

Before the introduction of deep learning, machine learn-
ing techniques such as SVM, K-means clustering, Random
Forest, etc., were the chief algorithms for image segmenta-
tion. Semantic segmentation using deep learning has proven
to work better than the aforementioned techniques because
they classify each pixel of an image rather than the entire
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FIGURE 27. AlexNet [89].

image object. The next chapter gives an overview of semantic
segmentation techniques.

VII. SEMANTIC SEGMENTATION USING DEEP LEARNING
This section introduces fundamental ideas of CNNs and sub-
sequent variants for semantic segmentation, as well as their
network structures [88].

A. AlexNet, VGGNet AND GoogleNet
These are the three chief deep neural networks for image
classification, which formed the major foundations of later
developments. The networks support network architectures
for semantic segmentation.

1) AlexNet
AlexNet is made up of five convolutional layers and three
connected layers [89]. In between the convolutional layers is a
pooling layer whose role is aimed at reducing dimensionality
and computational complexity. AlexNet’s pooling strategy
is max pooling, and the strategy is to obtain the biggest
value covered by the filter, which is used to remove noisy
components [88]. Filters of sizes 11× 11 and 5× 5 are used
in the first and second convolutional layers, respectively. The
last three layers use small-sized filters of 3 × 3. The whole
process is described in Figure 27. The primary purpose of
such filters is to be solely used for feature extraction. Varying
filters accommodate objects of different scales.

1) It supports the application of non-saturating Rectified
Linear Unit (ReLU) whose output is defined by

F(x) = max(x, 0).

2) It employs the overlapping max pooling strategy
(which means that each filtering operation’s step
size (stride) is smaller than the filter’s overall size).

3) To reduce over-fitting, it uses the dropout approach in
fully-connected layers.

2) VGGNet
The network is made up of three fully connected layers and
a varying number of convolutional layers. This is shown in
Figure 28. Unlike AlexNet, VGGNet has fixed small size
filters of 3 × 3 in the convolutional layer [90]. The number
of weights in the network is reduced by using small filters,
which minimizes the training complexity. Just like AlexNet,
VGGNet uses max pooling over a 2 × 2 window slide of
2 pixels. The advantage of simplifying convolutional layers

FIGURE 28. VGGNet [89].

FIGURE 29. GoogLeNet [89].

FIGURE 30. Inception Module [69].

to a greater extent is that it increases network depth, thereby
improving the accuracy of the network. The network’s perfor-
mance in tasks like semantic segmentation and target detec-
tion is improved by using features extracted from CNN that
are structured in a hierarchy of scales [91]. Other classifiers,
such as SVMs, can use the features without fine-tuning [92].

3) GoogLeNet
The architecture is different from the other three in that it
involves three aspects, namely the inception module, at the
training stage, an auxiliary classifier is required, as well
as one fully connected layer [93]. Output results from
these filters are concatenated with the maximum pooling
result. Between the inception modules, maximum pooling
is employed, and after the last inception module, average
pooling that employs dropout is used [94]. The flow chart
diagram is shown in Figure 29. The network is so deep
because it is made up of nine inception modules and up to
three convolutional layers. Because of the profundity of the
network, the smooth flow of gradient from layer to layer
becomes an issue. Figure 30 shows the Inception Module.
The issue is addressed by adding an auxiliary classifier in the
middle of the convolutional layers, whose role is to process
the outputs from the inception modules. The loss from these
classifiers is added to the overall loss of the network during
training. Auxiliary classifiers are prohibited from making
decisions during the prediction phase.
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FIGURE 31. FCN Network [95].

B. FULLY CONVOLUTIONAL NETWORK
Fully convolutional networks for semantic image seg-
mentation are an extension of AlexNet, VGGNet, and
GoogLeNet [95]. Multi-convolutional, deconvolutional, and
fusion are the three steps that define the network. The flow
chart is shown in Figure 31. Convolutional layers have been
substituted for fully linked layers, with the specification that
each image’s score be computed using a 1 × 1 convolution.
Because of pooling, the output image from convolutional
layers is smaller than the input image. The deconvolutional
process is used to restore the image. It uses the same methods
as the convolutional process, but cushions the framework (by
padding the matrix) and joins the elements inside a deconvo-
lution filter to increase the input size. The process of recov-
ering the original image through the deconvolution process
has some side effects; for example, some details are lost as a
result of the dilution of class scores. To circumvent the side
effects, the skip architecture combines semantic information
obtained from layers with location details obtained from
previous layers. By element wise addition, the up-sampled
deep layer is fused with the yield or output of a shallow
layer.

C. UNET
The building blocks of Unet are the convolutional and decon-
volutional layers. The network works well with small images,
hence the paramount step is downsizing of input images [96].
Convolutional layers use filters of size 3 × 3 which produce
output images that are subsequently subjected to Relu for
processing, followed by maxpooling (which uses a stride
of two). Maxpooling generates downsized outputs. Feature
channels in the convolutional layers double at each and every
step. The deconvolutional layer does upsampling, but a 2 ×
2 convolution is used to limit the number of features to the
required standard. The network generates the segmentation
result by applying a 1 × 1 convolution on the feature map

FIGURE 32. Unet [89].

and labeling pixels. The interconnection of layers in Unet is
shown in Figure 32.

D. SegNet
The network is composed of two subnetworks, namely; the
encoder and decoder networks. The encoder network’s man-
date is the downsizing of featuremaps. It consists of a varying
number of convolutions and subsequent maxpooling opera-
tions for feature extraction [97]. However, features produced
have vague or ambiguous spatial information. The issue is
solved by saving an element index that will be used later in
the decoder network’s up-sampling procedure. Convolutions
map low-resolution features to high-resolution features in the
decoder network. A 2×2 low-resolution feature, for example,
is up-sampled to a 4 × 4 matrix. This process may result in
the loss of spatial information; therefore, reusing the pooling
index from the encoder network completely recovers the lost
information. The SegNet network is depicted in Figure 33.

E. DeepNet
It is a variant of FCN that employs dilated convolution to
broaden the scope of filters to include image context in
a larger neighborhood while also allowing for flexibility
over feature response resolution [17]. Deeplab uses Atrous
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FIGURE 33. SegNe [95].

FIGURE 34. Residual Net [89].

Spatial Pyramid Pooling (ASPP) for up-sampling. Several
atrous convolutions operated on the same kernel but with
various sampling rates are used in the scheme. An additional
operator combines the output from all convolutions. Down-
sampling processes and subsequent maxpooling operators
make segmentation results lose some fine details. To solve the
problem, conditional random filters (CRFs) are employed to
improve the spatial localization of segmentation. CRFmodels
contribute to the smooth segmentation process based on the
underlying image intensities [98]. They boost the accuracy
score by 1% to 2%.

F. ResNet
The residual network is well recognized for its 152 layer
depth and residual block introduction [99]. The residual block
is presented in Figure 35. As based on traditional neural
networks, the greater the number of layers, the better the per-
formance of the network. However, because of the vanishing
gradient problem, first layer weights will not be updated cor-
rectly through the backpropagation algorithm [100]. As the
error gradient is propagated to earlier layers it goes through
a repeated multiplication process such that the gradient
becomes very small hence the network performance gets
saturated and will start to decrease. This problem is solved by
using the identity function, whereby the gradient is multiplied
by one so as to preserve the input and avoid any loss in
the information. The network is made up of the following
components; 3 × 3 filters, CNN downsampling layers with
a stride of 2, global average pooling, and a 1000-way fully
connected layer with softmax at the end. ResNet employs
a skip relation, which means that an original input is also
connected to the convolution block’s output. This aids in the
solution of the vanishing gradient problem by allowing the
gradient to flow in a different direction. The network diagram
of the residual network is shown in Figure 34.

G. APPLICATION OF DEEP LEARNING TECHNIQUES
New emerging technologies such as deep learning have
gained ground in the remote sensing science fraternity

FIGURE 35. Residual block [95].

because the automatic processing of images by these tech-
niques chiefly depends on human expert knowledge, which
has impacted the way land surveys are done [101]. The
main advantage of deep learning approaches is the automatic
computational extraction of features, unlike other machine
learning algorithmswhere feature extraction is typicallyman-
ual [102]. The strength of deep learning algorithms lies in
learning from examples. The learning process consists of
a number of steps: first, an architecture of a network of
nodes is clearly defined. The nodes that form an Artificial
Neural Network (ANN) are arranged into layers. An ANN
with many layers is referred to as a Deep Neural Network
(DNN). The behaviour of the DNN is determined by the
type and number of nodes as well as the connection between
the nodes [101]. If an existing DNN is to be customized
for an new application context, its weights are recursively
updated to achieve the new desired response. This process is
referred to as ‘‘transfer learning’’. Deep learning was origi-
nally used for locating and classifying different tree species in
a mosaic built from UAV-acquired images [103], [104]. [105]
devised a deep learning technique to detect and identify tree
species. The objective of the study was to classify patches
corresponding to tree species. The authors developed a Deep
Learning (DL) architecture, which is a hybrid of ResNet and
UNet, to come up with a semantic segmentation algorithm for
tree spices that is precise and efficient. Seven orthomosaic
images were collected using UAV in the winter, and one
orthomosaic image was collected using UAV in the summer.
The algorithm pipeline is presented in Figure 36. The first
step of the technique identified the classes corresponding to
each mosaic patch. The focus was on classifying the pix-
els in each mosaic patch. The incorporation of the ResNet
architecture into the DL network enhanced the accuracy and
efficiency in classifying forest images [104], [106]. Images
were divided into patches in response to the prescribed anno-
tations, and each patch was assigned to a list corresponding
to the classes that matched it. Patches could belong to more
than one class, resulting in patches having to be labelled
repeatedly. Because of the repeated labelling of patches, the
algorithm is referred to as a Multi-label Patch (MLP) based
classifier. The ResNet architecture went through the training
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FIGURE 36. Algorithm pipeline [106].

phase so that it would be able to classify the patches. The
MLP classification algorithm produced coarsely segmented
images. A watershed segmentation algorithm was applied
to refine the segmentation process. The UNet architecture,
originally used for medical image segmentation [96], is also
very useful for remote sensing images. The UNet architecture
was trained with data and pixel-wise annotation patches. The
segmentation process follows a number of steps: (1) mosaic
images were split into patches for processing, (2) a UNet
model was trained to predict patch segmentation, and (3)
patch joining was used to obtain semantic segmentation for
the entire mosaic image. The model achieved an effective
learning transfer with a 12.48% improvement over random
weights. Overall, the model reached a higher accuracy of
nearly 95%.

Another study [104] proposed a Residual Neural Net-
work (ResNet) architecture for classifying tree species
acquired using a camera mounted on a UAV platform. In tem-
perate forests, UAV images have been successfully used to
distinguish between living and dead forest species [107]. The
motivation of the study was that, most of the existing methods

for tree species classification are cost-sensitive because they
require very large data sets and are restricted to specific tree
species [108]. The study proposed a model based on CNN
to classify tree species at an individual level by analysing
high resolution RGB images obtained from the UAV. A CNN
was chosen in the study because of its ability to learn highly
descriptive features from tree canopies. The study proposed
a CNN model with 50 convolutional layers, referred to as
ResNet50. Figure 38 shows the architecture of ResNet50.
The procedure for performing tree crown delineation was
based on the iterative local maxima filtering technique that
was used to identify probable tree tops. Tree tops were
designed as markers, hence a marker controlled watershed
segmentation was performed as a means of complementing
the DSM for segmenting the tree crowns. Figure 37 shows a
tree crown segmented polygon. The tree crown delineation
process enables tree crown identification labelling. In the
training phase, images were shuffled in unison with their
corresponding labels to randomise the input data so that the
neural network becomes generalised. The model achieved an
overall classification accuracy of 80%. The study concluded
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FIGURE 37. Tree crown delineation [104].

FIGURE 38. CNN model architecture [104].

that classification accuracy increases with an increase in the
number of training images.

The task of classifying and mapping vegetation images has
been difficult because the conventional methods employed
are highly labour intensive. Deep learning and CNN came
as solutions to the problems posed by traditional meth-
ods, but they are still not efficient in detecting ambiguous
objects [109]. There is a little research that employs CNN
to detect and classify vegetation in remote sensing science
images [109]. A study by Guirado [110] successfully used
CNN to detect wild shrubs from Google Earth images. The
author demonstrated that a CNN is much better than tradi-
tional object detection methods. Another study [109] used
a deep learning model and the chopped picture method to
detect vegetation from Google Earth images. The study was
carried out against the backdrop that existing work still faces
huge challenges in classifying vegetation that has ambiguous
and amorphous shapes, such as clonal plants. The training
data was prepared using the chopped picture method, and
images were put into two sets; one set with images com-
pletely covered with bamboo trees and the other set without
bamboo trees. Images were then chopped into small squares
and subsequently used as training images. A classical deep
learning model in the form of a LeNet network was employed
by the study because it is efficient in processing small-sized
images. The network is composed of two convolution layers,

two pooling layers, and one fully connected layer. The final
layer was used to detect bamboo coverage in Google Earth
images. Input images were randomly shuffled to alleviate
overlapped training and validation data. 72% percent of the
data was used for training and 25% of the data for testing. The
model achieved an average classification accuracy of 97.52%.

VIII. FEATURE EXTRACTION TECHNIQUES
This section delves into the main techniques for feature
extraction, and these include (1) Principal Component
Analysis (PCA); (2) Independent Component Analysis
(ICA); (3) Linear Discriminant Analysis (LDA); and
(4) t-Distributed Stochastic Neighbor Embedding (t-SNE).

1) PRINCIPAL COMPONENT ANALYSIS (PCA)
PCA is popularly used as a dimensionality reduction tech-
nique [111]. It was first proposed by [54]. From the original
data input, the PCA method tries combinations of input fea-
tures in order to determine the best features that summarise
the original data. This is accomplished by looking at pair-wise
distances to maximize variances andminimize reconstruction
error [112]. Since PCA is an unsupervised learning algorithm
it leads to misclassification of data in some cases [111]. Dis-
tortion errors arise when data is reconstructed back because
samples would have been projected onto a subspace [113].

2) INDEPENDENT COMPONENT ANALYSIS (ICA)
ICA, like PCA, is a linear dimensionality reduction method
that combines discrete components to produce input data with
the goal of correctly identifying each of them [111]. It is based
on the principle that two features are deemed independent if
their linear and nonlinear dependence are both zero [114].
Independent Component Analyses are extensively used in
medical applications such as Electroencephalography (EEG)
and Functional Magnetic Resonance Imaging (FMRI) analy-
sis to differentiate useful from unhelpful signals [111].

3) LINEAR DISCRIMINANT ANALYSIS (LDA)
LDA is a supervised learning dimensionality reduction tech-
nique and a machine learning classifier [111]. The method is
similar to PCA in the sense that it calculates the projection
of data along a direction, but instead of maximising variation
of data, the LDA uses label information to determine a pro-
jection by maximising the ratio of between class variance to
within class variance [113]. The goal of LDA is formulated
as the Fisher criterion [115].

J (u) :=
uT SBU
uT SWU

(14)

Recently, this technique has been used for indoor positioning
or localisation systems for the purpose of obtaining superior
and higher accuracy [116]. The performance of LDA in the
construction of data using independent variables is directly
proportional to the number of data patterns [116]. However,
its performance is yet to be confirmed in the context of
non-linearity [117].
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4) LOCALLY LINEAR EMBEDDING (LLE)
The LLE is built on a foundation of manifold learning.
A manifold is a D-dimensional object that is embedded in
a higher-dimensional space. A manifold is considered as an
integration of small linear patches, which is done through
piece-wise linear regression [118]. To do the integral opera-
tion, [119] proposed the construction of a kNN graph similar
to an isomap. Then all the sample data is represented by a
weighted summation of its k nearest neighbors. Considering
wi to be row i of the n x k weight matrix w, the solution to the
goal is found by:

Wi =
1

1T (G−1i T )
G−1i 1 (15)

G := (xi1T − Vi)T (xi1T − Vi) (16)

where G is called a Gram matrix and V is a n x k matrix.
After the process of representing samples as a weighted
summation of their neighbors, LLE represents samples in the
lower dimensional space by their neighbors with the same
obtained weight.The method has been successfully used in
feature extraction of Motor Imagery Electroencephalography
(MI-EEG) and it outperformed methods such as Discrete
Wavelet Transform (DWT) in classification accuracy with
fewer feature dimension [120].

5) T-DisTribuTed STOCHASTIC NEIGHBOR EMBEDDING
(T-SNE)
tSNE is an improvement of Stochastic Neighbor Embedding
(SNE) [121], which is used for data visualisation. The main
goal is to preserve the joint distribution of data samples in
the original and embedding spaces. Considering Pij and Qij
to donate the probability that xi and xj and are neighbors and
yi and yj are neighbors, it follows that:

pij =
Pj|i+ Pj|j

2n
(17)

pij =
exp(−||xi − xj||22/2σ

2
i∑

K 6=1 exp(−||xi − xk ||
2
2/2σ

2
i

(18)

qij = (
1+ ||yi − yj||22)

−1∑
k 6=1(1+ ||yk − yl ||

2)−1
2

(19)

Embedded samples are then obtained by adopting the gra-
dient descent method over minimizing Keullback-Leibler
divergence [122] of p and q distributions. Themain advantage
of t-SNE is the ability to deal with the problem of visualising
‘‘crowded’’ high dimensional data in a low dimensional space
(e.g., 2D or 3D) [122], [123].

A. FEATURE EXTRACTION STATE OF THE ART
In image retrieval, calibration, classification, and clustering,
it is critical to extract useful features or characteristics from
the image [124]. Color histogram is the most significant
method to represent color features [125]. [126] provided
a state-of-the-art feature extraction model that consists of

two parts: (a) adaptive color region extraction via the defi-
nition circle (DC) model, and (b) corner feature extraction
via the edge detection model, which includes a suppression
mechanism.

The purpose of the algorithm was to produce a clear and
precise forest saliency map. The algorithm is broken down
into three parts, and those are: (a) the color feature extraction
part; (b) the determination of the center of the DC model;
and (c) an accurate description of color. The algorithm is
expressed in figure 36.

(A) Colour feature extraction
Model appropriate for the extraction of color features is
the DC model, which is comprised of the following steps:
(1) using the RGB picture G histogram to calculate the DC
model’s center; (2) mapping the image to the HIS color space
or lab color; (3) using the k-means procedure to find the DC
model’s radius. The flow chart of the DC model is shown in
Figure 41.

(1) Determine the center of the of the DC model
While the DC model can describe color fluctuations under
specific gradients, the forest region’s dominating hue is gen-
erally green, implying that the ’greenish’ pixels in the forest
area must be filtered off. As a result, the G channel (green)
in the RGB three-channel system will be the focal point
for filtering out pixels that fall within a given range and
calculating the mean value within the range. That value will
be regarded as the center of the circle.

(2) Color description
It is critical to note that the purity of the green is determined
by the circle’s center, thus the radius must be adjusted to
account for a variety of color variations and fault tolerance.
The RGB channel, on the other hand, does not function well
for color adjustments. The RGB color system is converted to
Hue, Saturation, and Intensity (HSI) or lab color space to fix
the problem. The color can be defined more correctly using
only two channels, namely hue and saturation, rather than the
RGB color space.

(3) Adjustment of DC Model radius
To improve the accuracy and adaptability of forest region
extraction, the center and entire remote sensing picture
acquired in the first phase is mapped or converted to HIS
color space.Each pixel’s Euclidean distance to the RSI center
is calculated. The k-means clustering algorithm subdivide the
forest into clusters and determines the Euclidean distance
between the cluster center and the DC model’s center, which
is then used as the DC model’s radius.

h = [h, s, i] (20)

R = (h− h0)2 + (s− s0)2 + (i− i0)2 (21)

δ(i) =
k∑

k=1

|U i
k − U

i−1
k | (22)

P denotes the center of the DC model and the value would
have been obtained by the histogrammodel in the RGB toHIS
color scheme. R is the Euclidean distance and δ(i) represents
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FIGURE 39. DC model in color extraction feature [126].

FIGURE 40. Edge feature extractor.

an is the iterations of the class algorithm. Figure 39 shows the
color extraction feature of the DC model

(B) Edge Feature extraction
The goal of this procedure is to successfully eliminate non-
forest areas. [126] proposed the canny operator as the edge
detection operator because of its better performance than
other operators in terms of edge feature detection. In partic-
ular, denoising is key for image processing, and in this par-
ticular instance, a Gaussian filter was employed to smoothen
the image, thereby preserving the edges. The amplitude and
direction of the gradient are then calculated using the finite
difference of the step-wise derivative. The canny edge detec-
tor operator returns only the maximum value and uses the
non-maximum suppression operation to suppress the field’s
conspicuous points, resulting in a corner point with high
precision and clear vision. Finally, by using a dual threshold
setting, discrete edges are linked together to form a contin-
uous edge. Figure 35 shows the stages of an edge feature
extractor.

IX. PERFORMANCE EVALUATION MATRIX
The major matrices to measure the performance of the model
in forest image classification are: False Positive Rate (FPR),
Accuracy (Acc), F1 score, Precision-Recall Curve, and

FIGURE 41. Flow diagram of the algorithm [126].

Average Precision (AP).

F1 = 2
Precision ∗ Recall
Precision+ Recall

(23)

FRP =
Numberofmisclassifiedforestimages

Numberofimages
∗ 100% (24)

Acc =
Numberofcorrectlyclassifiedimages

Numberofimages
∗ 100% (25)

AP = areaundertheprecision-recallcurvePRC (26)

Measurements for image segmentation area evaluation are
presented in Table 2. The Area Fitness Index (AFI) was
proposed by [63] and the remaining measurements by [2]

The average distance between the reference object and its
matching image object is described by the Position Discrep-
ancy Index (PDI). The Overall PDI is the average of the PDI.

let a = (x(k)− Xr )2 + (Y (k)− Yr )2 (27)

let b =
M∑
i=1

√
(X (I )− Xr )2 + (Y (I )− Yr )2) (28)

PDI =
1

N +M
(
N∑
k=1

√
(a+ b) (29)

PDIOverall =
1
n

n∑
i=n

PDI (i) (30)

X. PERFORMANCE ANALYSIS OF THE STATE OF THE ART
Results based on the CNN with hyperparameter settings
of patch size L = 15, regulation strength α = 0.001, and
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TABLE 2. Evaluation Matrix.

TABLE 3. Segmentation results based on PDI and ADI.

TABLE 4. Edge feature extractor.

C = 32 filter kernels in the first convolutional layer up to a
maximum of C’ = 128 kernels. Using Tensorflow and Keras
mechanisms, the final CNN classifiers used the hyperspectral
imagery to outperform the RGB subset image as indicated by
precision, recall, or F-score. Results are presented in Table 3.

Table 4 displays state-of-the-art segmentation results
obtained using a supervised segmentation method and
the following matrix measurements: AFI (index), OE,
OEOVERALL, CE, CEOVERALL, ADI, PDI.

Object fate analysis and the method proposed by [63]
do not objectively express segmentation quality results.
Table 5 indicates that AFI ranges from 0.561 to−0.280 when
shape and compactness are both at 0.1 and the scale parameter
is changed from 60 to 120.

TABLE 5. Performance of CNN.

XI. RECOMMENDATION
Pixel-based techniques have been commonly used for image
analysis and classification for a very long time. However,
due to the massive growth of high spatial resolution images
and the fact that pixel based methods only work with spec-
tral information, the technique could not be fully utilized
because it does not incorporate spatial, texture, and shape
information, [127]. Previous studies have also shown that
such approaches cause noise in the output message, other-
wise known as the ‘‘salt and pepper effect.’’ [128]. Due to
the limitations of traditional pixel-based methods to cope
with high-resolution imagery, OBIA methods have become
increasingly popular because they have a high degree of infor-
mation utilization, strong anti-interference, a high degree
of data integration, and high classification accuracy [129],
[130]. However, GEOBIA techniques are made up of knowl-
edge and rules purely from domain expert knowledge, such
that they enhance the subjectivity of image interpretation
processes. Given the evolution of remote sensing science
as a result of artificial intelligence, this study suggests that
we pay more attention to Good Old-Fashioned Artificial
Intelligence (GOFAI), which is based on sound mathematics
and logic to construct symbolic representations of abstract
notions [1]. This research highly recommends a shift towards
remote sensing image analysis with ontologies because such
technology allows management, aggregation, and sharing
of the knowledge of remote sensing and domain experts.
Formal ontologies explicitly define expert knowledge that
is used to interpret remote sensing images. This improves
the sharing and reuse of formalized remote sensing expert
knowledge.
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XII. CONCLUSION
This paper is a critical and analytical survey of the methods
for forest image detection and classification. It is a compre-
hensive review of the techniques used to detect objects of
interest in an image that will be analysed for classification
of forests. These techniques cover semantic segmentation
techniques, feature extraction methods and finally classifica-
tion techniques. Exploration of knowledge based approaches
in form of GEOBIA were analysed and how their short-
coming in terms of dual mode of defining geographic con-
cept, vagueness and ambiguity of geographic concepts, and
semantic gaps were addressed by ontology knowledge based
approaches. Performance of the state of the art Tensorflow
and Keras for image classification were analysed. Formal
ontologies knowledge representation was recommended for
state of the art approach for detecting objects of interest. CNN
methods for semantic segmentation were critically analysed
and these were; AlexNet, VGGNet, GoogLeNet, FCN, UNet,
SegNet, DeepNet and ResNet.
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2.1.2 Conclusion

The chapter pre-empted the challenges faced by object detection algorithms and recommended the

integration of ontologies as a way of alleviating challenges faced by modern detection algorithms.

The paper presented the state-of-the-art CNN-based model for satellite forest image classification.

2.2 A Critical Survey of GEOBIA Methods for forest Image Detection and

Classification

2.2.1 Introduction

This section is an extension of the paper presented in section 2.1. This paper will critically examine

previous studies that used the GEOBIA technique to process satellite forest images. Also,

opportunities for Improving GEOBIA methods will be looked into. This review will serve as the

basis for guidance in choosing the appropriate technique to settle for when it comes to the processing

of satellite forest images. Recent methods that adopted ontologies for satellite forest image

classification will also be critically examined.

This paper has been published by GEOCARTO INTERNATION journal (Taylor and Francis Journal).
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ABSTRACT 
Modern earth observation sensors have revolutionized the remote 
sensing community by improving remote sensing image quality. 
However, Pixel-based image analysis methods have challenges in 
handling very high-resolution (VHR) imagery. Geographic Based 
Image Analysis (GEOBIA) yielded promising results, but it is not 
inflexible in capturing domain experts’ expressions, therefore geo
graphic information system professionals shifted to ontologies for 
remote sensing science. This paper advocates for the adoption of 
knowledge representation using ontologies in remote sensing. To 
this end, a survey of GEOBIA studies for image analysis and classi
fication is presented, and the limitations of existing methods in 
reaching the remote sensing expert-level expectation are clarified. 
New GEOBIA development techniques as well as opportunities for 
improving GEOBIA models have been looked into. Recent studies 
that adopted ontologies in forest image classification are analyzed 
and recommendations for the remote sensing science community 
are provided, to highlight the advantages of ontologies in inter
preting satellite images.
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1. Introduction

The launch of the first civilian satellite for earth observation (Landsat-1) has significantly 
transformed the remote sensing science community (Castilla and Hay 2008) by making it 
possible to acquire near real-time high-quality satellite imaging on demand. Remote sens
ing substantially simplifies the automated study of urban, suburban, and natural environ
ments for applications such as monitoring urban expansion, detecting changes, crop 
prediction, forestation/deforestation, surveillance, human activities, mining, and so on 
Qin and Liu (2022). Satellite earth observation sensors coupled with the evolution of web 
services have tremendously improved access to satellite images, and principal agencies 
such as the National Aeronautics and Space Administration (NASA), United States 
Geological Survey (USGS), Brazilian National Institute for Space Research (INPE), Group 
on Earth Observation (GEO) and so forth, have ensured that large amounts of data are 
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freely available to the users (Arvor et al. 2013). The advent of modern remote sensors has 
improved the quality of remote sensing images which are made available to the commu
nity of users. Supervised pixel-based methods have been widely used for tasks relating to 
change detection in land use as well as land cover multi-temporal mapping Lu et al. 
(2013). However, the traditional pixel-based methods are unable to handle images pro
duced by very high resolution (VHR) satellite imagery sensors (Castilla and Hay 2008), 
that is, (VHR <5 m) pixel size. Pixel-based methods have been hugely criticized for put
ting focus on presenting information as a digital number, i.e. how bright each pixel in an 
image is and it does not have the power to give details relating to spatial concepts of 
neighborhood, homogeneity, and proximity Souza-Filho et al. (2018). Machine learning 
(ML) is a sub-branch of artificial intelligence, and algorithms under ML are designed in 
such a way that they will be able to learn from data in order to predict corresponding 
outputs. Land cover classification has gained popular research in remote sensing, where 
both pixel-level classification and boundary mapping are all considered. Machine learning 
classifiers such as classification and regression trees (CART) Xiang et al. (2008), Random 
Forest (RF) Breiman (2001), and Support Vector Machines (SVM) Cortes and Vapnik 
(1995), have proved to perform better, and therefore have been widely used in land cover 
classification. The CART works by predicting a target variable using decision rules 
inferred from data features. The advantages of CART for land cover applications include 
its simple, explicit, and intuitive classification structure based on a set of ‘if-then’ rules. It 
can also be trained with any set of inputs without the need to adjust any parameters 
because by nature CART is a non-parametric model. CART was the first machine classi
fier to be used in land cover classification Pal and Mather (2003). However, CART has 
got issues with regard to computational complexity, high variable correlation, and noises 
from data collection and calibration, which have the potential to negatively affect classifi
cation and efficiency Zhang and Yang (2020).

The SVM, first introduced in 1995 by Cortes Zhang et al. (2020) is a classification 
algorithm that defines hyperplanes so as to maximize the margins, herein referred to as 
the distance between separating the hyperplane and the closest sample. The main advan
tage of SVM is attributed to its insensitivity to the amount of training data hence render
ing it suitable for use in cases where there are limited training samples Foody and 
Mathur (2004). Ref Liu et al. (2006) employed SVM to perform forest disease classifica
tion on 1-meter resolution airborne images. Ref Van der Linden and Hostert (2009) 
adopted SVM to map land cover in urban areas using airborne imagery based on a reso
lution of 4 meters. A study in Asma and Abdelhamid (2020) proposed a novel approach 
for the classification of VHR remote sensing images by harmonizing the pixel-based and 
object-based classification techniques. The algorithm of super-pixels was employed to 
group pixels into different batches, usually referred to as segments. Super-pixels were then 
merged into more significant objects by using the metric distance between all neighbor 
segments. The resulting image was classified using Support Vector Machine into regions 
for water, trees, grass, and rocks. ML algorithms are also employed to detect changes e.g. 
forest change detection. For instance, Support Vector Machines (SVM) and genetic algo
rithms can be harmonized together to detect land cover changes. For this case, the radial 
basis kernel and associated parameters such as C and X for SVM are optimized using a 
genetic algorithm. This hybrid approach produced efficient results when implemented on 
the Mexico dataset and Sardinia dataset Pati et al. (2020). The challenge encountered in 
the SVM classifier is the selection of kernel parameters. The selection of parameters is 
done through a computationally intensive cross-validation process. The Radial Basis 
Function (RBF) based on the Gaussian function is the most widely used non-linear kernel 
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function in SVM. Selecting RBF is a challenging task since it involves defining appropriate 
range values for each parameter and determining the best combination through a cross- 
validation process. Another problem is that SVM-RBF’s performance decreases whenever 
the number of features is much greater than the number of training samples.

Just like SVM, Rf is also a non-parametric classifier. The RF classifier is a bagging algo
rithm that uses a set of decision trees and classifies each instance based on the number of 
votes. RF is computationally efficient and is capable of handling high-dimensional data 
without over-fitting. Therefore, it has been successfully used in land cover mapping using 
VHR. Ref Adelabu et al. (2014) successfully used an RF classifier for insect defoliation 
classification, and Van Beijma et al. (2014) managed to classify forest habit on 2-meter 
resolution airborne imagery. A study in Cuypers et al. (2023) employed Random Forest 
Classifier on VHR optical imagery to improve object recognition for GEOBIA land use 
and land cover (LULC) classification. The study identified ten LULC classes on the satel
lite image obtained from Google Earth Engine in the city of Nice in France. The study 
investigated the impact of adding Gray-Level Co-occurrence Matrix (GLCM) texture 
information and spectral indices, and the results showed its classification accuracy from 
67.05 to 74.30%. However, the RF classifier is very difficult to visualize and interpret in 
detail and it has proven to overfit for noisy datasets.

Deep neural networks are now getting much recognition in the field of semantic seg
mentation He, Zhang et al. (2016) Szegedy et al. (2017), image classification He, Zhang, 
et al. (2016) Szegedy et al. (2017), and object detection Redmon et al. (2016). This tech
nology has quickly infiltrated remote sensing image applications, in particular, semantic 
segmentation classification has been widely used for land cover classification. With the 
aim of increasing accuracy in pixel-level land cover classification, a study in Dong et al. 
(2020) designed a feature ensemble network (FE-Net), comprising multi-scale feature 
encapsulation and two enhancement phases. The first phase adopts three layers which are 
shallow, middle, and deep-scale features from the ResNet-101 backbone and the second 
one is the multi-scale feature description enhancement. The optimal channel selection was 
also adopted to work on each intrascale and interscale feature sequentially. The model 
performed well as it achieved a classification accuracy of 68.08 and 65.16% on ISPRS and 
GID data sets respectively. In the same vein, a study in Zhou et al. (2023) proposed an 
EG-UNet enhancement model for open pit mining land cover with irregular and sparse 
spatial distribution features. The model is composed of two main modules, the edge fea
ture enhancement module, and the long-range information extraction module. Since the 
edge of mine land contains more detailed information than other spectral locations, the 
Sobel operator was then used to extract object boundary, and this process gives an advan
tage of increasing the weight of features for preservation purposes before the pooling 
operation. The information extraction module’s purpose is to extract tiny objects such as 
dumping grounds in the mining area. The EG-UNet model recorded the best perform
ance, particularly on classifying classes with few samples. However, existing deep learning 
approaches in the area of remote sensing are still in their infancy and therefore lack a 
holistic approach Zhang et al. (2020). Also, deep learning models are black box in nature 
because of the complexity of their network structure such that it is very difficult to under
stand how they make decisions. Therefore, domain expert knowledge may not be certain 
if the model gained correct knowledge, hence undermining users’ confidence in deep 
learning models Sarker (2021).

New methods such as Geographic Based Image Analysis (GEOBIA) have been of sig
nificant importance to the remote sensing science community. GEOBIA offers so many 
advantages over pixel-based methods. It can generate a large set of features by generating 
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more objects from the textural, spectral, and spatial properties of a group of pixels Souza- 
Filho et al. (2018). The ability of GEOBIA to process photos with a very high (spatial) 
resolution has led to its promotion as a tool for monitoring changes in agricultural, for
ested, and urban areas’ land cover and land use Tompoulidou et al. (2016). The pixel- 
based approach ignored the fact that pixels are not isolated, but rather knitted together 
into a complex image with spectral patterns (Castilla and Hay 2008). It has been proven 
in VHR imagery that, individual pixels are too small to refer to a land cover class; there
fore, they require a pixel footprint that is big enough to represent recurring elements 
such as forests (Blaschke and Strobl 2001). GEOBIA was introduced to provide answers 
to problems faced by pixel-based methods (Blaschke and Strobl 2001). GEOBIA is a 
branch of Geographic Information Science that aims to bridge the gap between the pixel 
and vector worlds (Castilla and Hay 2008; Blaschke 2010). GEOBIA, however, is heavily 
criticized for being excessively subjective because it approximates a degree of computer- 
aided photo interpretation Arvor et al. (2019). As a result of this, GEOBIA rules are not 
transferable, as their rules correspond to those of image processing chains. Therefore, 
GEOBIA is not suited to address issues related to the era of big data Arvor et al. (2013). 
Ontologies that provide a way of representing knowledge offer great potential to address 
such problems. They are able to represent numerical and symbolic knowledge, provide 
cognitive semantic reasoning capabilities, and exchange information on the deduced inter
pretation of remote sensing images. The definition of ontology derived from Artificial 
Intelligence is expressed as the formal, explicit specification of a shared conceptualization. 
From the definition, (1) formal means that the rules are expressed in a way that should 
be executed by computers, (2) explicit means that the definitions of all concepts and rela
tions are clear and unambiguous, (3) shared means the definitions of all concepts and 
relations are commonly agreed by a community of knowledge domain. Formal ontologies 
provide shared definitions of concepts and associated relations to allow computer applica
tions to communicate with each other Gruber (1995). They define the domain knowledge 
by expressing concepts and the relationships that bind them together (e.g. ‘a woodland -is 
a kind of a –forest – – type’, ‘an orchard-is a kind of a-an – – artificial – – vegetatio
n’,etc.). Advantages brought by ontologies in remote sensing science applications with 
respect to description logic (DL) involve:

� Symbolic grounding. It precisely associates concepts with the right sensing data and 
also provides for valid associations of concepts between themselves. DL- ontologies 
represent low-level presentation into a high-level presentation which can be easily 
assimilated by human beings.

� Knowledge sharing. Standardization of ontology language and use of consensual con
ceptualization allows mechanisms for remote sensing image representations to be 
shared and reused by intelligent agents in the same domain.

� Reasoning. The description logic in ontology language provides a reasoning capacity 
that helps to infer new knowledge from existing explicit descriptions.

The rest of the paper is organized as follows. Sections 2 and 3 outline the current chal
lenges with forest classifications using VHR images and the existing methods to handle 
VHR images, respectively. GEOBIA studies, challenges, and new developments are then 
considered in Sections 4–6, respectively. In Section 7, the use of ontologies for remote 
sensing image classification is explored. Section 8 proposes a state-of-the-art ontology- 
based model for forest image classification. Future directions and recommendations are 
highlighted in Sections 9 and 10 concludes the paper with a summary of findings.
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2. Challenges with forest cover classification with VHR images

There are three major issues with using Remote Sensing (RS) pictures for forest cover cat
egorization for VHR data, and these are as follows: (i) scaling up the well-trained classi
fiers from a single dataset leads to huge domain gaps across scenes and geographical 
locations; (ii) a lack of balanced, consistent, and high-quality training data hinders the 
development of accurate classifiers; and (iii) The impact of inter-class similarity and intra- 
class variability on classification accuracy.

2.1. Domain gaps across scenes and geographical locations

Transferability is a desired feature in trained models because data that would have been 
collected by different sensors in different geographical locations characterized by a variety 
of land patterns still achieve satisfactory results when compared with the actual training 
data. Applications related to computer vision have outstanding transferability, hence they 
are widely used in different domain setups Yosinski et al. (2014). Tasks such as semantic 
segmentation and tasks relating to the prediction of outdoor crowd-sourcing images gen
eralize well because their prediction outcome is hugely determined by the structure of the 
scene when viewed from a ground view image Li and Snavely (2018). However, in RS 
images, the content of different parts of the images may vary greatly and thus are com
pletely unstructured, and atmospheric effects create even greater variations in object appear
ances, let al.one the drastic change of land patterns across different geographical regions 
(e.g. urban vs. suburban, tropical vs. frigid). Therefore, transferability issues continue to be 
one of the main challenges to face when trying to scale up classification capabilities. In 
order to address this challenge, the Geometric-consistent Generative Adversarial Network 
(GcGAN) has been proposed by Fang et al. (2019) to eliminate any discrepancy that may 
arise between labeled and unlabeled images without losing their intrinsic land cover infor
mation by translating labeled feature images from the source domain to target domain. 
Another approach is the adoption of transfer learning models in remote sensing science 
applications, these techniques are able to produce a generalizable classifier by minimizing 
gaps in the feature space Qin and Liu (2022). These methods can be applied to data col
lected from a variety of sensors in a variety of geographical locations.

2.2. Lack of balanced, consistent, and high-quality training data

More training data is needed because both the amount of VHR data and the complexity 
of the models are growing. Traditional manual labeling methods, which were mostly used 
when processing coarse resolution data (like MODIS, Landsat, and Sentinel) Cai et al. 
(2014) or VHR data from a small area of interest (AOI), are not optimal and are no lon
ger possible as the models are changed to DL models that need more data. To solve this 
problem, academics tried to get training data from many different places, such as crowd 
sourcing services (like Amazon Turk) [24] and public datasets (like OpenStreetMap) 
Haklay and Weber (2008). On the one hand, these extra datasets make it much easier to 
train high-accuracy classifiers, but on the other hand, they add new problems that may 
need to be solved for common training data problems that are explained below.

� Imbalanced training samples: When the classes or categories in the training data con
tain a varying number of images or samples, generally it causes the model to perform 
poorly in predictions. This was handled in traditional manual labeling approaches 
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because samples were drawn on purpose and reassembled afterward for shallow classi
fiers. However, for DL-based models, all available training data are often fed into a 
network, regardless of how balanced they are. In order to tackle the imbalance prob
lem in VHR images Sun et al. (2020) developed an impartial semi-supervised learning 
approach based on extreme gradient boosting algorithm (ISS-XGB). The ISS-XGB 
incorporates several semi-supervised classifiers to solve the multi-class classification. 
The model first employs multi-group unlabeled data to suppress the imbalance of 
training samples and then uses extreme gradient boosting regression to simulate the 
target classes with positive and unlabeled samples.

� Inconsistent training samples: Researchers in the RS community who want to do 
semantic segmentation are now able to use more crowd-sourcing or public datasets 
Demir et al. (2018) Schmitt et al. (2021). But the class definitions and amount of detail 
in these crowd-sourcing datasets or public benchmark datasets may not be the same. 
Figure 1 shows an example of a more detailed classification that separates buildings 
from other man-made structures. Some datasets define the ground class as including 
low-vegetation, grass, and barren land, while others separate the ground into range- 
land with low vegetation and barrens. So, the first problem with using this kind of 
data is figuring out how to change or improve their labels to fit specific needs and 
details about the classification jobs. Inconsistency is also caused by using different 
types of remote sensing data Sui et al. (2020) and also by having a data set with 
images consisting of different numbers of bands. Due to discrepancies in VHR data 
Jin et al. (2022) propose a multi-source data fusion technique that requires re-sampling 
to unify the spatial resolution. The technique filters training samples and has the abil
ity to offer product correction at a fine resolution. The superpixel algorithm was 
adopted to correct unreliable information of multiple products into a new land cover 

Figure 1. Inconsistencies of the class definition and level of details, (Qin and Liu 2022).
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fusion product. The technique performed well as it achieved an accuracy of 85.80% on 
Landsat images.

� Lack of quality training data: The majority of present machine learning models in RS 
tend to underestimate their accuracy because they are contaminated by poor and low- 
quality training data, as shown in Schmitt et al. (2021). The low-quality data antici
pated for learning algorithms can be another obstacle, despite active efforts to address 
the issue, for example by feeding the community with new data as samples. Employing 
techniques such as image enhancement and restoration helps to deal with issues to do 
with lack of quality data. Image enhancement techniques such as Histogram equalizer, 
Linear congruent adjustment, etc. improve image quality balancing parameters with 
regard to contrast, brightness, and sharpness Kundu (2022). Image restoration techni
ques artifacts like noise or blurs from images.

2.3. Intra-class variability and inter-class similarity for VHR data

VHR data with a ground resolution of a meter or less have improved earth observation 
by providing more detailed information. The increased resolution has increased intra-class 
variability and inter-class similarities: spectral information alone can identify a pixel as 
belonging to multiple land cover classes, and different classes may contain pixels with 
similar spectral signatures Qin (2015). There was extensive research into possible solutions 
for this problem, such as object-based approaches or spatial-spectral characteristics 
Ghamisi et al. (2015), but the advances that were possible couldn’t keep up with the 
higher resolution and volume of data. Therefore, it may become more of a challenge 
when more sophisticated (and complex) models are utilized with larger numbers of anno
tated datasets. To tackle the problem of inter-class similarity and intra-class variance 
Venkataramanan et al. (2021) developed a model that automatically picks classes that are 
to be clustered and also determines an optimal number of classes to be generated. The 
obtained clusters are considered to be independent classes. Inter-class is dealt with by 
employing a triplet loss function to separate features between each class. Zhang et al. 
(2022) proposed a technique that tackles intra-class variance problems by developing a 
machine-learning model that organizes input instances as a graph. From the obtained 
graph, a normalized cut surrogate metric is used to determine intra-class variance within 
the training batch. The feature aggregation scheme is proposed by considering the equiva
lence between the normalized cut and random walk. The scheme is developed under the 
guidance of transition probability. Through supervision of aggregated features, transition 
probabilities are constrained to create a graph partition consistent with the given labels, 
hence the normalized cut and intra-class variance is well suppressed.

3. Proposed methods to handle VHR remote sensing images

The main obstacles to the current VHR RS picture classification are those already dis
cussed. In addition to improving model performances, efforts have been made to solve 
these issues using multi-source/multi-resolution data, unlabeled data, more noise-tolerant 
models, and learning techniques. These initiatives can be generally described as follows:

� Weakly/Semi-supervised learning for small, imprecise, and incomplete samples.
For weak supervision to work, the underlying training data must be inexpensive to 
collect (like publicly available GIS data) and noisy, imprecise, and asymmetrical. 
Because these methods attempt to incorporate heuristics, limitations, and error 
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distributions, that are unique to each situation, hence they are not universal. This is 
because semi-supervised learning in RS assumes the existence of a large amount of 
unlabeled data and relies on the limited training data to achieve high classification per
formance, and is thus relevant to applications that deal with crowd-sourcing labels or 
labels with minor temporal differences Larochelle (2020). Li et al. (2017) proposed the 
zero-short scene classification (ZSSC) that has got the ability to recognize images even 
when presented with incomplete labeled data. The model is attributed to its capacity to 
recognize images from unseen scene classes. The approach utilizes, word2vec, a natural 
language process to map names of seen/unseen scene classes to semantic vectors. The 
relationship that exists between seen and unseen classes are defined with the help of a 
semantic-directed graph constructed from the semantic vectors. To perform knowledge 
transfer from seen classes to unseen classes, an initial label prediction on a test image is 
performed, then the label propagation algorithm is developed for ZSSC. The label- 
refined approach is adopted to suppress noise in the zero-shot classification results. The 
approach outperformed the state-of-the-art learning models in scene classification.

� Transfer Learning and domain adaptation to fill domain gaps.
Within the realm of machine learning, transfer learning (TL) is defined as the pre
sumption that knowledge gained from completing one task may be valuable if trans
ferred to completing another task. A model that learns to conduct per-pixel semantic 
segmentation of scenes, for instance, has the potential to make human detection more 
accurate. In the field of RS, this term mostly refers to methods that aim to produce a 
generalizable classifier by minimizing gaps in the feature space. These methods can be 
applied to data collected from a variety of sensors in a variety of geographical loca
tions. Pan et al. (2016) designed a multi-layer transfer learning that caters to specific 
latent features for domain adaptation. Firstly, the model generates specific latent fea
tures, which are then combined together into one latent feature space layer. Since the 
layers have different pluralism, multiple layers are generated to correspond to each dis
tribution layer. The difference in the pluralism in each layer means that learning dis
tributions from one layer helps learn distributions on other layers. The iterative 
algorithm based on Non-Nagative Matrix Tri-Factorization was adopted to solve the 
optimization problem. The multi-layer transfer learning managed to outperform state- 
of-the-methods on sentiment classification tasks.

� Use low-resolution photos or public GIS data as sources of tagged or partially labeled data.
Nearly 80% of the world’s GIS data coverage is provided by OpenStreetMap, however, 
its quality varies Barrington-Leigh and Millard-Ball (2017), and some local governments 
make their GIS data available for public use. Researchers presented their work in this 
context and drew conclusions that were directly linked to the datasets. Additionally, 
these low-resolution labels can be used as a general guide to address domain gaps of 
data across various locations for scaling up the land cover classification of VHR data as 
the low-resolution labeled data with global coverage are gradually becoming more com
plete (e.g. National Land Cover Database Homer et al. (2012)). Wu et al. (2019) devel
oped an effective unsupervised deep feature algorithm for classifying low-resolution 
images. The approach does not require any fine-tuning on the convenet filters and the 
convenet filters are used to extract features from both high and low-resolution images, 
and the obtained features are fed into a two-layer feature transfer network for know
ledge transfer. The network has the ability to transfer distinguished features from a 
high-resolution feature space to a low-resolution feature space. The model was imple
mented on the VOC2007 dataset and showed significant improvement against baseline 
methods.
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� Fusion of multi-modality and multi-view data. Unlabeled data sources such as Light 
Detection and Ranging (LiDAR), Synthetic Aperture Radar(SAR), and nighttime data 
can be used to study heuristics and improve latent representation learning Qin and 
Liu (2022). Lei et al. (2021) proposed a fusion of multi-modality and multi-scale atten
tion network land cover classification of VHR images. The multi-modality fusion was 
designed on the basis of an encoding-decoding network that eliminates redundant fea
tures and fuses only useful features. This process increases the classification of land 
cover products by removing redundant features. The novel multi-scale spatial context 
enhancement module was adopted to improve feature fusion and alleviate the problem 
of large-scale variation of objects. The model was implemented on Vaihingen and 
Potsman datasets and performed well as it obtained F1-scores of 88.6 and 92.3% for 
Vaihingen and Potsman datasets, respectively.

3.1. Semisupervised learning (SSL) methods

One of the major challenges in Remote Sensing (RS) classifications is that the process of 
collecting VHR images for training (labeled) samples is really a tedious task. Therefore 
the RS science community has adopted SSL methods to tackle this challenge Yin et al. 
(2014); Bazi et al. (2012). SSL works by trying to generate a wealth of information from 
the available unlabeled data, despite having few available unlabeled data, with the aim of 
improving the performance of the classifier. Such approaches assume that points within 
the same structure are likely to have the same label Wang et al. (2015). In VHR images it 
seems reasonable to assume that if samples have close spectral information then they are 
likely to have similar labels. SSL methods have been successfully used in image classifica
tion applications such as vegetation mapping, land cover mapping, and urban planning 
Kwak and Kim (2023). Fan et al. (2020) proposed a semi-supervised multi-Convolutional 
Neural Network (CNN) ensemble learning method (Semi-MCNN) for urban land cover 
classification. The model harmonized the multi-CNN ensemble approach and a semi- 
supervised strategy to build an end-to-end architecture. This hybrid approach generally 
improves classification accuracy and generalization ability. The purpose semi-supervised 
technique was to leverage unlabeled images to labeled samples, and the ensembled teacher 
model dataset generation (EMDG), which is an automatic sample selection technique, was 
adopted to select appropriate samples and to generate large datasets from unlabeled sam
ples automatically. The model was implemented on Shenzhen’s land cover data and per
formed well as it achieved an overall accuracy of 92.5%. Ekanayake et al. (2018) 
developed a semi-supervised approach for mapping boundaries between two vegetation 
zones using satellite hyperspectral data. The approach employed the Maximum Likelihood 
Classification technique in order to detect pure vegetation pixels. In order to determine 
the boundary between two major vegetation zones, the technique considers the degree of 
correlation of pixels containing vegetation at various spatial coordinates. Finally, the sys
tematic procedure comprising Fisher’s Discriminant Analysis (FDA) and spectral cluster
ing is used to divide the vegetation pixels into two vegetation zones.

3.2. Deep learning approaches

Deep learning technologies have been widely used to perform multi-class segmentation on 
VHR images Sertel et al. (2022). The number of classes to segment should be carefully 
examined prior to the application of deep learning technologies. Yuan et al. (2021) con
ducted a critical review on semantic segmentation using deep learning methods. 
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The findings from the study showed that segmentation of VHR on datasets such as ISPRS 
vaihingen (five classes), ISPRS Potsman (five classes), and Massachusets (two classes) 
achieved high accuracy ranging from 85 to 99%. Audebert et al. (2018) developed an effi
cient multi-scale deep fully CNN based on ResNet and SegNet with multi-modal to per
form segmentation on high-resolution remote sensing data. Results obtained showed that 
the fusion of multi-modal data significantly increases the accuracy of semantic segmenta
tion by attributing its capability to learn multi-modal features jointly. Fu et al. (2017) 
integrated Atrous convolution to Fully Convolution Network (FCN) to build multi-scale 
network architecture to perform semantic segmentation on VHR images obtained from 
GF-2 and IKONOS datasets. The Conditional Random Fields were also added to the net
work in order to refine the output class maps. The model performed well as it obtained 
the precision, recall, and kappa values of 0.81, 0.78, and 0.83, respectively. Other develop
ments such as Densely Connected Convolutional Network (DenseNet) Huang et al. 
(2017), and ShuffleNet Zhang et al. (2018) have been extended in remote sensing segmen
tation to address issues to do computational complexity, and these designs are producing 
satisfactory performance in semantic segmentation for remote sensing data Chen, Fu 
et al. (2018). DenseNet is an extension of ResNet, which introduced extra connections 
from one layer to its subsequent layers, and this has increased information flow and fea
ture reusing Huang et al. (2017). The building blocks of DenseNet are dense block, which 
is made up of stacked layers of two filters (a 3� 3 followed by a 1� 1 filter. The dense 
blocks are interconnected with a 1� 1 convolutional layer for feature dimensionality 
reduction. The network structure alleviates the vanishing gradient problem and enables 
feature reuse. Figure 2 shows the DenseNet architecture.

ShuffleNet Zhang et al. (2018) significantly increases computational complexity by 
reducing computation complexity of 1� 1 convolutions and utilizes channel shuffle to 
help the information flow across feature channels. The computation of individual shares 
to be processed by the GPU is divided by the group convolution, and the output is reor
ganized into a matrix, where the rows are the group count and the columns are the chan
nel count. The depthwise convolution is used instead of 3� 3 convolution. The second 
group convolution restores channel dimensionality to match the residual for concaten
ation. Figure 3 shows the DenseNet architecture.

3.3. Multi-resolution data classification

Multi-resolution data classification technique considers different levels of information 
granularity to analyze task data. This technique is widely used to perform classification 

Figure 2. DenseNet architecture (Yuan et al. 2021).
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tasks on data such as VHR images, graphs, and time series. It works by extracting patterns 
or features from images at different resolutions and integrating them into the classification 
performance. Duarte et al. (2018) developed a multi-resolution feature fusion for classifying 
building images using CNN. This approach integrates feature maps produced from different 
resolution levels (terrestrial, aerial, satellite) in order to categorize damages on building from 
remote sensing images. The results of the study demonstrated that multi-resolution fusion 
techniques outperform the traditional methods in classifying building images with 89% com
pared to 84%. The concept of using multi-resolution produces better accuracy and localiza
tion capability than using single-resolution features. Teruggi et al. (2020) proposed a 
hierarchical learning machine approach for multi-resolution 3D point cloud classification. 
The study extended the learning machine approaches with a multi-level and multi-resolution 
approach. The integration of the hierarchical concept optimized 3D classification results and 
improved the learning process. The multi-level and multi-resolution procedure was tested 
and assessed on two large datasets (the Pomposa Abby and Milan Cathedral both in Italy). 
The model managed to identify necessary architectural classes at each geometric resolution. 
Fixed network structures at a single resolution are difficult to characterize surface targets 
that have bright colors and different shapes with fixed sizes. To address this challenge Cong 
et al. (2022) proposed a structure defined by sample characteristic (SDSC) multi-resolution 
classification network that learns samples using a multi-resolution strategy and the principle 
of maximum classification probability. In order to improve the credibility and classification 
accuracy, the results obtained from the multi-resolution strategy were integrated into the 
final classification results. The proposed method is suitable for classifying high spatial reso
lution remote sensing images because of its better cognitive performance and insensitivity 
to noise.

4. GEOBIA studies

GEOBIA is a remote sensing tool used for land cover mapping and detecting land cover 
changes. It is a new discipline in remote sensing science that has evolved from pixel-based 
approaches and has significantly improved the workflow of imagery processing, particu
larly for land cover classification and detection Arvor et al. (2013). GEOBIA’s main goal 
is to deal with more complicated classes that are determined by spatial and hierarchical 
relationships both within and outside of the classification process Lang (2008). Of course, 
one might perform a multi-spectral classification in an RS system first, then group and 
rearrange the labeled pixels to construct objects using GIS software. However, the analyst 
may be skewed by this sequence, which limits the number of classes that may be handled. 
The outcomes achieved through this process differ from those that would be obtained 
with a single conceptual step, as is the case with human perception. Instead of examining 
the spectral behavior of individual pixels, the object-based approach groups adjacent pix
els into objects, which then serve as the observation units. This classification circumvents 

Figure 3. ShuffleNet architecture (Yuan et al. 2021).
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the issue of artificially square objects as used in the per-pixel analysis Fisher (1997); 
Burnett and Blaschke (2003); Blaschke (2010), so long as the objects of interest cover a 
sufficient number of pixels to permit a meaningful representation of their shape. GEOBIA 
has been used in a range of applications such as geo-morphology Dr�aguţ et al. (2011), 
agriculture Vogels et al. (2017), archeology research Hegyi et al. (2020), and soil science 
Dornik et al. (2018). GEOBIA has managed to bridge the gap between remote sensing 
and Geographic Information Science (GIScience). In the fraternity of GIScience, the term 
Object Image Analysis (OBIA) was first introduced in 2006 Lang and Blaschke (2006), 
and later reformulated as GEOBIA in 2008 whose central focus was on Earth Observation 
(EO) applications and the integration of geo-spatial-temporal reasoning to deal with high 
volumes of EO imagery and other related information extraction challenges Lang et al. 
(2019). GIScience scholars have reached a consensus on the fact that GEOBIA is a para
digm shift Blaschke et al. (2014), that has managed to bridge the semantic information 
gap from big data in the image domain. The representation of 2D imagery as a gridded 
array of pixels does not provide descriptive content with regard to semantic information 
or object boundaries Lang et al. (2019). Such information needs to be documented in 
metadata. The image content in the current setup cannot be queried, but attempts to 
meet this vision exist Blaschke (2010). Geographic Information system (GIS) datasets are 
discrete and the finite vector set handles discrete categorical nominal variables rather than 
numerical variables Lang et al. (2019). The success of GEOBIA as measured by bibliomet
ric measures Blaschke et al. (2014) is attributed to its mediating power between geospatial 
entities and continuous field representations, which caters to the needs of GIS and remote 
sensing communities. The Harmonisation of these two models is presented in Figure 4.

The classification system of traditional pixel-based methods suffers from the salt and 
pepper-effect. This problem was alleviated by the Object-Based Image Analysis (OBIA) 
methodology when implemented on the Northern California vegetation inventory (Yu 
et al. 2006). OBIA adds object shape and context to spectral and textural information, 
and this significantly lowers the salt and pepper effect problem.

Another study by Chubey et al. (2006) used object-based analysis of IKONOS-2 
imagery for extraction of forest inventory parameters rather than the traditional pixel- 
based image analysis approaches. Object-based analyses were first introduced in the area 
of remote sensing by Kettig and Landgrebe (1976), however, the approach did not receive 
much attention as its pixel-based method counterpart (Lu et al. 2013). Later, the object- 
based analysis techniques proved to be of significant importance in forest information 
extraction (Hay et al. 1996; Pekkarinen 2002; Imaging 2002). This was reinforced by the 
introduction of commercial object-based image analysis software such as eCognition (Arvor 
et al. 2019), feature analyst, etc. Chubey et al. (2006) developed a novel method that used 

Figure 4. Impact of land cover type on the evolution of NPSS in the near-infrared (Lang et al. 2019).
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the eCognition software and decision tree statistical analysis to extract forest inventory 
parameters. The IKONOS-2 images were segmented into image objects using the 
eCognition software. The multi-resolution segmentation was employed, where the image 
was partitioned into homogeneous multi-pixel regions. The size, spectral homogeneity, spa
tial homogeneity, and shape of the generated image objects were used to guide the segmen
tation procedure. The segmentation process was further tested against several other 
input/weighting combinations whereby each combination was evaluated on its ability to 
delineate meaningful landscape components. Image objects delineated carried crucial forest- 
related information that was derived from spectral and spatial characteristics of forest stand 
composition. Furthermore, analysis was performed using decision trees to determine corre
lations between image object metrics obtained from input data and individual forest inven
tory parameters. Decision trees were chosen because (a) they can handle high dimensional 
datasets, (b) they are able to work on both non-continuous and continuous variables, (c) of 
the non-parametric nature of the approach, and (d) they are easy to implement. However, 
there are some challenges with decision trees. Their performance depends on the quality 
and representation of training data (Friedl et al. 1999) and the accuracy increases with 
more training data. Therefore, the requirement for large training datasets is a concern from 
an operational perspective.

A quite number of studies have shown that OBIA methods are, re-applicable and more 
transferable to other images. This is achieved by re-applying the rule set on other condi
tions, and rule sets have the ability to adapt to new changed conditions. Hofmann et al. 
(2011) developed a new method to measure the robustness of a rule set. The new method 
is based on the assumption that the level of adaptation to be measured is in congruence 
with the quality of classification achieved. The robustness xi of an unchanged rule set 
applied on an image Mi (i.e. ¼ Y ¼ YI ¼ YI is expressed by ratio of quality values: xi ¼
qi
qr
: If xi > 1:0 it implies a better result for Mi and vice versa for xi < 1:0: The mean 

robustness of all the images Mn is expressed x ¼ 1
n
Pn

i¼rðxiÞ and the greater x the more Y 
for qr > 0.

The studies in part delves into the importance of evaluating segmentation results and 
considered segmentation evaluation metrics such as the inverse of the number of objects 
(INO), Normalised Post Segmentation Standard Deviation, and Bhattacharyya Distance 
(BD) have been provided. A method for evaluating the quality of segmentation results in 
object-based classification was presented by Radoux and Defourny (2008). The proposed 
method constituted of two indices; one index was used to evaluate the extent to which 
the classification could be improved while the other assessed the boundary quality of the 
delineated land cover classes. Using a combination of three parameters from the same 
segmentation technique, the method was used to segment a Quick-bird image. It was 
established that large groups of pixels in an image, aid in the reduction of variance 
(Edwards and Cavalli-Sforza 1965). The study opted for a small intra-class variance with 
the assumption that it improves parametric classification. Over and under-segmentation 
were assessed using indices based on mean-sized objects. As a first quantitative goodness 
metric, the inverse of the Number of Objects (INO) was utilized. INO measures the abil
ity of a model in segmenting an image into individual objects. INO is expressed as 
INO ¼ 1=N where N represents the number of objects. The second global index was the 
Normalised Post Segmentation Standard Deviation (NPSS). It examines segmentation 
quality based on the variability of the segmented image against the variability of the entire 
image. NPSS is expressed as NPSS ¼ ðrs − rxÞ=rx where rs is the standard deviation of 
the pixel intensity values in the segmented region and rx is the standard deviation of the 
intensity values of the whole image (that is it includes both the segmented region and 
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non-segmented region. The NPSS was used to calculate the class uniformity by replacing 
each pixel value with the parent object’s mean values. The small intra-class variance does 
not always improve classification results; in some circumstances, a considerably large vari
ance between two classes can improve the classification. Therefore, a dissimilarity metric, 
the Bhattacharyya Distance (BD) was co-opted in the study to test the relevance of the 
proposed goodness indices since it contains the term that compares co-variance matrices 
and it also accounts for classification errors (Webb 2003). BD is a measure of dissimilarity 
between two probability distributions. For probability distribution p and q on the same 
domainX, BD is expressed as DB ¼ −lnðBCðp, qÞÞ where ðBCðp, qÞÞ ¼

P
x2X

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pðxÞqðxÞ

p

where p(x) and q(x) are probability density functions.
Artifacts along the boundaries and missing boundaries are the key challenges with seg

mentation algorithms. The quality of segmentation precision is determined by the number 
of artifacts along the boundary. The accuracy and precision criteria proposed by Mowrer 
and Congalton (2000) were utilized to evaluate the positional quality of the edges. The 
bias and mean of the distribution of boundary errors were used to determine the accuracy 
and precision, respectively. Figure 5 shows sample errors along the edges of a segmenta
tion result. Negative values were assigned to non-matching polygons (omission error) and 
positive values to matching cases. The goodness of indices was evaluated by NPSS and 
BD. Both indices gave valuable insight into segmentation findings. Results showed that 
NPSS was more correlated than INO. The positive results can be attributed to the fact 
that the mean class values were not modified by the segmentation. However, segmentation 
parameters were shown to be sensitive to global NPSS, with the object size parameter 
accounting for more than 80% of the variance. The effect of segmentation on every NPSS 
class had to vary, this reflects the sensitivity of segmentation algorithms to the land cover 
class. The absolute boundary error was sensitive to under-segmentation and was able to 
detect artifacts along class boundaries. There was a higher correlation ðR2 > 0:94Þ
between shape parameters and boundary errors. Results from Table 1 show the average 
absolute errors of parameters in various scales smooth, mixed, and compact. The studies 
have revealed that most segmentation algorithms face challenges that include artifacts and 

Figure 5. Errors along the edges of a segmentation output. Black polygons are omissions (−) and white polygons are 
commissions (þ) with respect to class 1 (Xie et al. 2008).

Table 1. Average of absolute errors (in meters) on boundary position between deciduous and coniferous forests, for 
a combination of segmentation parameters, i.e. scale parameter between 10 and 60 and compactness, illustrated for 
forest/arable land interfaces (Xie et al. 2008).

Scale 10 20 30 40 50 50 Mean

Smooth 2.3 3.4 4.1 4.7 5.3 5.7 4.3
Mixed 2.2 3.2 3.8 4.3 4.8 5.3 3.9
Compact 2.1 3.0 3.7 4.2 4.7 5.1 3.8
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missing values along the boundaries that deter them from achieving good segmentation 
results. Evaluation metrics such as NPSS, INO, BD, accuracy, and precision for assessing 
segmentation quality were looked at in these studies.

A study by Osio et al. (2018) uses OBIA-based monitoring of Riparian vegetation to 
assess the effect of flooding on the Lake Nakara Riparian Reserve vegetation species. An 
OBIA methodology was proposed (Osio et al. 2018) to serve as the basis for the classifica
tion of Riparian vegetation. The methodology comprised four pillars: data capture, pre- 
processing, processing, and analysis. Satellite data was downloaded from the USGS site, 
from Landsat 5 TM, Landsat 8 OLI (collected in 2014), and Landsat 8 OLI (collected in 
2016) datasets. The pre-processing consisted of removing noise and ensuring uniformity 
between the datasets. The Ehlers fusion technique was employed to pen sharpen each 
image to 15 m resolution. Raw values of the images were converted to Top of the 
Atmosphere reflectance by the ArcGIS 10.4 software using a spatial analyst tool, in the 
arc toolbox. The planetary reflectance PY is defined as PY ¼ MpQcal þ Ap, where Qcal is 
the quantized and calibrated standard product pixel value and Mp and Ap are the band- 
specific multiplicative and additive re-scaling factors, respectively. A multi-resolution seg
mentation algorithm was adopted to convert pixels into image objects. Four bands namely; 
green, red, near-infrared (NIR), and shortwave infrared (SWIR) were used to classify vegeta
tion indices on each dataset. NDVI values were obtained from the rule set established in the 
feature view and the supervised classification was carried out for each image using the K-NN 
algorithm. In terms of classification scales, scaling varied across different images such that 
there were different numbers of instances per imagery. Multi-resolution segmentation was 
used to segment images into image objects based on the feature parameters of layer weights, 
scale parameters, and composition of homogeneity criterion. The parameters were set in 
eCognition Developer 9.2 and were used by the multi-resolution segmentation to divide the 
image into homogeneous objects. Table 2 shows the segmentation scales set.

Hossain and Chen (2019) reviewed object-based image segmentation algorithms and 
challenges from remote sensing perspectives. The authors concluded that the quality of 
image segmentation has a significant impact on the final feature extraction and classifica
tion in OBIA (Hossain and Chen 2019; Vickers 2017; Su 2017). Many other studies 
(Blaschke et al. 2008; Cheng et al. 2001; Zhang et al. 2017) argued that the most crucial 
step in OBIA is image segmentation. Geographic Object Image Analysis (GEOBIA) was 
established to provide for image analysis by remote sensing scientists, environmental dis
ciplines, and GIS specialists (De Jong and Van der Meer 2007). A comprehensive review 
of studies related to GEOBIA was undertaken by Blaschke (2010).

Chiu and Lin (2005) formulated the mathematical definition of segmentation as fol
lows: given P, the homogeneity criteria and R, an entire image; Ri and Rj are segments of 
R if the following conditions hold (1) Ri � R, (2) R ¼ Ui ¼ 1, . . . , n, (3) Ri \ Rj ¼ h and 
(4) PðRi [ RjÞ ¼ false, where i¼ j and Ri and Rj are neighbours. Segmentation algorithms 
have been categorized into (a) pixel-based (Friedl et al. 1999), (b) edge-based, (c) region- 
based, and (d) hybrid-based (Beveridge et al. 1989). In edge-based segmentation, the algo
rithm determines the edges, which are boundaries between objects (Cao et al. 2016); the 
edges are then closed up by continuous algorithms (Martin et al. 2004). Filtering, 

Table 2. Segmentation scales (Osio et al. 2018).

Image Scale Shape Compactness Red Blue Green NIR

Landsat5TM–2011 5 0.2 0.7 1 1 1 1
LandsatOLI–2014 40 0.5 0.5 1 1 1 1
LandsatOLI–2016 20 0.2 0.7 1 1 1 1
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enhancement, and detection are the three key processes in edge detection (Jain et al. 
1995). Filtering methods are necessary as they produce minimum blurring edges (Jain 
et al. 1995; Chen et al. 2006; Sahin and Ulusoy 2013). Enhancement highlights the pixels 
with huge changes in local intensity levels, and the enhanced data is utilized to detect real 
or genuine edges. The next stage is to use techniques like Hough transform (Kiryati et al. 
1991), neighborhood search (Ghita and Whelan 2002), and watershed transformation 
(WT) (Vincent and Soille 1991). For natural segmentation, WT is commonly utilized 
(Hossain and Chen 2019). The region-based segmentation starts from the inside of the 
image and goes outwards until reaching the object boundaries (Zhang et al. 2016). 
Merging and splitting are the two basic operations in region-based segmentation (Fan 
et al. 2005). The segmentation process follows a systematic approach (Bins et al. 1996): 
(a) the first step performs an initial (seed) segmentation of the image, (b) the next step 
merges adjacent segments that are similar while splitting those that are dissimilar and (c) 
the previous step is repeated until there are no more segments to merge or split. The 
region growing or merging is defined by two main issues (Lucchese and Mitra 2001): (a) 
selection of a seed region and (b) similarity. Algorithms such as K-means clustering 
(Wang et al. 2010), hybrid region merging, single-seeded region growing (Verma et al. 
2011), Particle Swarm Optimization (PSO) method, etc. (Mirghasemi et al. 2013) are used 
to generate the initial seeds. However, researchers are still in search of algorithms that 
work without seeds (Wu et al. 2015) or that are influenced by neighbors, even though 
seeded (Fan et al. 2005). After seed selection, the region grows sequentially by adding 
similar pixels, guided by specific homogeneity criteria. The criteria determine whether the 
pixels belong to the growing region or not (Nock and Nielsen 2004). The region splitting 
and merging entails, using the homogeneity criterion (based on attributes such as grey 
values, texture internal edges, etc.) to split the image into several segments (De Jong and 
Van der Meer 2007). If the seed image is not homogeneous, then the image is split into 
four sub-regions which serve as seeds for the next level (Martin et al. 2004). The process 
continues until all sub-regions become homogeneous. Bottom-up and top-down strategies 
are combined in the split and merge method (Guindon 1997). Bottom-up approaches 
enlarge the image by combining or merging comparable pixels, whereas top-down 
approaches split an entire image into image objects depending on the heterogeneity criter
ion (Benz et al. 2004). Edge-detecting methods face problems in generating closed seg
ments and are excellent in detecting edges, while region-based methods are good in 
generating closed segments but are imprecise in detecting edges (Wang and Li 2014). 
Hence an algorithm was proposed that harmonized segmentation using both edge and 
region-based segmentation maps inputs Chu and Aggarwal (1993). The technique utilized 
the maximum likelihood estimator to predict initial edge positions from multiple inputs. 
An iterative procedure is then employed to smooth the resultant edge patterns. Finally, 
the edge map is converted to a region map using closed-edge contours. The regions are 
then merged to ensure that every region has the required properties.

5. Challenges of GEOBIA

In the past two decades, GEOBIA has been successfully adopted for land cover mapping 
(Blaschke and Strobl 2001; Blaschke et al. 2014). However, GEOBIA techniques require 
that regions of interest or objects be identified before applying classification rules on 
extracted objects (Blaschke and Strobl 2001). The segmentation step either relies on user 
expertise or empirical training to be adapted for each new scene to be processed (Dr�aguţ 
et al. 2014; Ming et al. 2015). Hence, GEOBIA is not applicable for Big Geodata where 
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there is a large scale analysis which requires methods that are super-fast and robust 
(Merciol et al. 2018). Furthermore, GEOBIA has not yet been quantitatively verified 
though there is a general consensus among numerous researchers (Tehrany et al. 2014).

GEOBIA has been extensively used in land cover mapping applications. Land cover 
mapping is a complicated process as it incorporates factors such as image type, segmenta
tion methods, accuracy assessment, classification algorithms, input features, etc. that have 
a great influence in the quality of the final product (Khatami et al. 2016). It is still a huge 
problem to come with a standard GEOBIA technique that provides an optimal solution 
for every study area. Spatial resolution is inversely proportional to segmentation scales. 
Figure 6 shows the relationship between spatial resolution and segmentation scale.

Whenever the spatial resolution becomes high, the segmentation scales become smaller 
and the lower the spatial resolution, the greater the configured optimal segmentation 
scales. It is very complex (Johnson and Xie 2011) to determine optimal segmentation 
scales due to the fact that the variability of the scale is affected by other image characteris
tics such as the size of the study area. The scale issue has emerged to be a huge problem 
for OBIA studies in relation to multi-segmentation scale methods. Therefore, there is a 
need to determine the appropriate segmentation scale necessary to obtain optimized seg
mentation results (Arbiol et al. 2007). Many researchers have explored trial and error 
approaches by varying segmentation scales based on their experience (Laliberte and 
Rango 2009), however, this approach is not advisable (Johnson and Xie 2011). In order to 
counteract this challenge Gu et al. (2018) propose an efficient multi-scale segmentation 
method based on graph theory and Fractal Net Evolution Approach (FNEA). The pro
posed model is shown in Figure 7. The contributions from this approach are that: (a) the 
Minimum Spanning Tree (MST) algorithm that performs the initial segmentation and the 
Minimum Heterogeneity Rule (MHR) algorithm adopted for object merging in FNEA are 
hybridized, (b) the segmentation strategy is implemented using data partition and the 
reverse searching forward processing chain using the Message Passing Interface (MPI) 
parallel technology. This approach is highly effective since it uses a fast graph segmenta
tion algorithm and it also serves as a multi-scale segmentation and is hence suitable for a 

Figure 6. Correlation between spatial resolution and segmentation scale (Cai et al. 2014).
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variety of landscapes such as industrial or agriculture. The problem of multi-scale segmenta
tion also arises in defining semantic rules to relate lower landscape units to high-level 
organizations. To address this issue Burnett and Blaschke (2003) developed Hierarchical 
Patch Dynamics (HPD) framework that aids in the development of describing patterns and 
processes, acting through a range of scales, which make up landscapes. The framework was 
implemented on two different projects. In the first project, habitat mapping was done using 
a multi-scale GIS database. The landscape segments were generated using sub-patch infor
mation including dominant tree crown densities and species. In the second project, fractal- 
based segmentation was adopted to produce agricultural scene segments, and the decision 
framework was adopted to choose the best combination of segmentation levels to identify 
shrub encroachment.

The next section presents recent developments in GEOBIA.

6. New GEOBIA developments

This section reviews new GEOBIA developments in terms of data sources, object based feature 
extraction, geo-object-based modelling frameworks, new forms of image objects, GEOBIA sys
tems for novice GEOBIA users, and the use of knowledge from other disciplines.

6.1. Data sources

Modern high spatial resolution sensors provided a new landscape for remote sensing fra
ternity to study free-scale object or phenomenon from anywhere on the Earth’s surface 
Chen, Weng, et al. (2018). Ancient GEOBIA studies used to work with classic, single- 

Figure 7. Multi-segmentation based on MST and MHR Gu et al. (2018).
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image optical scenes for proof-of-concept studies, however new development in remote 
sensing fraternity have sharp increase of non-conventional data image type richer in spec
tral, spatial and temporal information, thereby, improving the modelling for geographical 
entities Chen, Weng, et al. (2018). Conventional GEOBIA data is defined as a high reso
lution imagery with limited spectral bands acquired by remote sensors mounted on rela
tively stable satellite/airborne platforms.

As depicted in Figure 8, rather than collecting images through satellite or airborne sen
sors, unmanned aerial system (UAS) or Drones have the ability to collect either sub-meter 
or sub-decimeter resolution data with high flexibility and very little demand for resources.

Similarly, Light Detection and Ranging (LiDAR) represents the conventional 2D spec
tral features with 3D structural information (bottom of Figure 8). Since segmentation in 
GEOBIA is solely applied to 2D imagery, LiDAR converts clouds or waveforms to raster 
format image models before they are used in GEOBIA framework. The GEOBIA commu
nity has taken the advantage of LiDAR’s penetration capacity of retrieving 3D structures 
of non-solid objects with gaps such as trees. Chen, Weng, et al. (2018) argued that the 
LiDAR approach resembles real forest structure than sharpened WorldView-2 optical 
imagery at a 0.5 m resolution.

Hyperspectral images have been extensively used by GEOBIA experts to distinguish 
between geographical objects of similar spectral characteristics. Traditionally, hyperspectral 
images comprised of very limited spectral range that spans from visible to near-infrared sec
tion of the electromagnetic spectrum. These types of images have been successfully used in 
classifying mangrove species with 30-band (Kamal and Phinn 2011), examining post-fire 
severity by utilizing a 50-band MASTER mosaic (Powers et al. 2015) and assessing tropical 
forest area diversity with a 129-band AisaEAGLE imaging spectrometer (Sch€afer et al. 
2016). Hyperspectral imagery (middle of Figure 8) is very rich in spectral information as 
compared to multispectral imagery data sets, hence the extra bands can be used to obtain 
other useful information such as textural, object-based shape and contextual features. 

Figure 8. Conventional data types and image objects (Cai et al. 2014).
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However, obtaining this extra information aids in computational costs due to rigorous ana
lysis for feature extraction. Advances in sensor technology is moving towards extending 
spectral information beyond the red, green, blue and near-infrared segment of the spec
trum, e.g. Worldview-2 has additional coastal-blue (400–450nm), yellow (585–625nm), red- 
edge (705–745nm) and near-infrared-2(840–1040nm) bands at the 1.84 m resolution 
Vermeulen and van Niekerk (2016).

6.2. Object based feature extraction

Classic features such as texture, context measures and spectral have been extracted 
through unsupervised image segmentation. GEOBIA has progressed to solely obtain these 
features through analyzing characteristics of geographic objects.

6.2.1. Novel object features
The traditional way of characterizing features of individual regions of interest involves 
measuring shape complexity (Mowrer and Congalton 2000; Cao et al. 2016), extracting 
features from interval-valued data modeling (He et al. 2016a), and establishing semivario
gram descriptors for quantifying spatial correlation and patterns within objects as pre
sented in Figure 9. A study by Wang et al. (2017) extended the approach to include the 
relationship between objects and lines. The authors explained that geographical objects in 
urban setups have more regular shapes than natural environments and have systematically 
distributed lines. Cai et al. (2014) extracted geostatistical features by examining the tem
poral behavior of each object’s internal structure in relation to object based-based change 
detection.

A study by Wang et al. (2017) extended the approach to include the relationship 
between objects and lines. The authors explained that geographical objects in urban setups 
have more regular shapes than natural environments and have systematically distributed 
lines. Cai et al. (2014) extracted geostatistical features by examining the temporal behavior 
of each object’s internal structure in relation to object based-based change detection. 

Figure 9. Object-based features obtained from three scales (a) image-objects (b) neighborhood image objects and (c) 
individual communities (Cai et al. 2014).
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Chubey et al. (2006) proposed to incorporate neighboring image objects to improve the 
description of contextual information. Chen et al. (2011) came up with a geographic 
object-based image texture (GEOTEX) model that produced a set of texture measures by 
examining each image object with its corresponding neighbors through the natural 
window/kernel.

In GEOBIA techniques, the segmentation process produces a large number of object- 
based features (Figure 9), thereby reducing computational efficiency and also increasing 
modeling uncertainties. To mitigate this challenge, Powers et al. (2015) harmonized 
Principal Component Analysis (PCA) and Minimal Noise Reduction (MNR) to reduce 
the airborne MASTER sensor’s 50 input spectral bands prior to segmentation.

6.2.2. Feature selection space
Techniques ranging from statistical analysis to machine learning and deep learning have 
been employed to obtain optimal features through the reduction of feature space. The 
majority of these techniques follow the approach of minimizing the number of input fea
tures while at the same time maximizing follow the separation distance between classes. 
Once processed features are then ranked in order of significance. Machine learning 
approaches have evolved for feature space reduction. However, for GEOBIA techniques, a 
consensus has not yet been reached as to which machine learning algorithm is the best 
for feature space reduction relative to particular applications. Algorithms that have been 
applied successfully for object-based feature selection include: Winnow (Littlestone 1988; 
Powers et al. 2015), random forest (Breiman 2001; Franklin et al. 2000), minimal redun
dancy maximum relevance (Peng et al. 2005) and Support Vector Machine (SVM) 
(Huang and Zhang 2013). Generally, the choice of algorithm for optimal feature space 
reduction depends on performance, ease of use, and accessibility. With the aim of 
improving feature selection from VHR images Chaib et al. (2022) proposed a framework 
based on Vision Transformer (ViT) models. Firstly, the ViT model is used to extract 
informative features from the VHR image scene, and the obtained features are merged 
into one signal dataset. The feature and selection algorithm is then adopted to trim off 
features that do not provide information to describe scenes such as beaches and agricul
ture. These features have a tendency of degrading the classification accuracy. The pro
posed model outperformed other state-of-the-art models when implemented on the VHR 
benchmark. Chen et al. (2016) proposed an efficient semi-supervised feature selection 
(ESFS) technique that selects all the desirable features by exploiting all the details available 
on the unlabeled objects. Firstly, it uses the probability matrix of unlabeled objects in the 
loss function to obtain features that are relevant per each class, instead of using traditional 
graphs. Lastly, norm regularization is employed to ensure that selection matrix rows have 
the required sparsity. ESFS outperformed other classical methods when implemented on a 
VHR image. Too and Abdullah (2021) proposed an improved genetic algorithm (GA) 
that incorporates the performance of GA in feature selection. The approach uses the com
petition strategy that integrates the new selection and cross-over schemes to improve the 
global search capability. Also, the dynamic mutation rate is also incorporated to improve 
the search power of the algorithm in the mutation process.

6.3. Geo-object based frameworks

GEOBIA has been dominantly used in land-cover/use classification. Recently it has also 
been successfully used to detect features in the area of archaeological remains (Lasaponara 
et al. 2016), green roofs (Theodoridou et al. 2017), alluvial fans (Pipaud and Lehmkuhl 
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2017), and dunes (Vaz et al. 2015). Various modifications have also been employed with 
the aim of meeting specific needs in real-world applications. Eckert et al. (2017) improved 
the classification of fine geographical objects which only existed in certain landscape 
zones. Another study by Guo et al. (2013) enrolled a two-step strategy to enhance classifi
cation by using object-neighbour context and scene context, respectively. However, these 
methods lack the ability to analyze latent spatial phenomenon. This challenge was 
addressed by Lang et al. (2008) who introduced geons which serve as a spatial units that 
are homogeneous in terms of varying space time phenomena under policy concern. Lang 
et al. (2014) further improved geons and came up with composite geons which provided 
solutions to policy-relevant phenomena such as societal vulnerability to hazards. The 
GEOBIA framework relied on geo-object based basic principles to derive image-object 
classes. However, improvement was done on GEOBIA workflow by adding parametric 
and non-parametric models to analyse object based variation within a specific class.

6.4. New forms of image objects

Considering the fact that the 3D geographical objects are represented as image objects in 
2D format, some uncertainties and errors in identifying ground features could arise as 
some spatial dimensions are neglected (Alexander et al. 2010). Techniques in remote sens
ing and computer vision have progressed to the extent that it is now possible to capture 
geographical objects in 3D (Vaz et al. 2015). New trend in GEOBIA methods now incor
porates vertical features in GEOBIA modelling e.g. carbon estimation at the tree cluster 
level using canopy height from a LiDAR sensor (Godwin et al. 2015). Extraction of object 
features by these techniques was centred on calculating boundaries of 2D image objects 
(Godwin et al. 2015; Zhang et al. 2013). Remote sensing science fraternity now advocates 
for generating image object features directly from a 3D scene model, which accurately 
represents real-world geographical objects. Photogrammetry and computer vision techni
ques can be used to construct 3D scene models (Luhmann et al. 2019). Using 3D infor
mation to delineate objects boundaries still remains a challenging task, as it is possible to 
loose crisp boundaries for certain components, for instance, a transition zone between 
wetland and water (Bian 2007). Defining fuzzy boundaries seemingly provides a better 
solution, whereby an image object is treated as homogeneous unit and equal parts (in 
terms of homogeneity) have a possibility of belonging to a certain class.

6.5. GEOBIA systems for novice GEOBIA users

GIScience and other communities took two decades to adopt GEOBIA frameworks and 
software packages (Chen, Weng, et al. 2018). The GEOBIA experts play a major role in 
incorporating user’s knowledge and experience when developing GEOBIA models in 
order to achieve high accuracies. For GEOBIA applications to have a wider coverage, 
GEOBIA models should provide a way of translating novice-GEOBIA users understating 
of geographical entities into an appropriate choice of algorithms. This could be achieved 
with systems that have three key components such as (1) data query, (2) processing chain 
and (3) product sharing which can interactively direct a user to go through the entire 
GEOBIA process. Krizhevsky et al. (2012) argued that the translation of novice-GEOBIA 
understanding to GEOBIA language can be facilitated by the use of rule sets that are 
clearly defined and trained by machine or deep learning methods.
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6.6. Embracing knowledge from other disciplines

GEOBIA has been extensively used in several disciplines (e.g. forest, urban planning, etc.), a 
gap still exists on how to integrate these disciplines to effectively support geo-object-based 
modelling (Chen, Weng, et al. 2018). Because of the nature of image analysis, GEOBIA 
hugely benefits from knowledge forecasting provided by computer vision that simulates 
human perception of digital imagery (Blaschke et al. 2014). Insufficient information on 
spectral, spatial, or temporal resolutions may result in experienced photo interpreters or 
computer programs producing incorrect perceptions of geographic entities (Castilla and 
Hay 2008). A potential solution proposed by Castilla and Hay (2008) is to take advantage 
of the Earth-centric nature of GEOBIA, where perceived geo-objects and their correspond
ing spatiotemporal dynamics meet rules or laws in natural or built-in environments. In a 
study on vegetation transitional zones from dense to bare ground in California by Chen, 
Weng, et al. (2018), a GEOBIA framework was employed to map disease-caused mortality 
and the results obtained indicated that there was over-estimation on patches of dead trees 
due to similar textural, geometrical and spectral characteristics between dead tree crowns 
and ground/shrub grass.

In order to enhance effective knowledge exchange and management, the GEOBIA 
community has adopted ontologies for specific applications (Andr�es et al. 2017; Baraldi 
et al. 2017). Ontologies have played an important role in GEOBIA frameworks, but there 
is still a lack of comprehensive and universally accepted GEOBIA framework that pro
vides guidelines for formalizing expert knowledge with ontologies. The next section dis
cusses the use of ontologies in GEOBIA.

7. Ontologies for forest remote sensing image classification

Although data-driven approaches have attracted significant interest in research, know
ledge-driven approaches remain an important future direction for the remote sensing 
(RS) science community Arvor et al. (2019). With that in regard, ontology having a strong 
power in knowledge representation, inference of common sense, knowledge sharing, and 
semantic cognition has gained much attention in the RS community Li et al. (2022). The 
Thailand Flora Ontology (TFO) (Panawong et al. 2018) was proposed to establish a 
semantic lexicon on the web, to assist plant biologists in the discovery of flora knowledge. 
The development of the ontology was against the backdrop that ordinary non-botanist 
people were not able to understand or receive accurate information about plants because 
plant information was expressed in English with botanical terms. Two steps were followed 
to design the ontology including the domain analysis for knowledge organization and the 
ontology development process. In the first step, a qualitative research method was 
employed to construct the Flora of Thailand knowledge structure, through (1) selection of 
already existing resources pertaining to plant ontology, biological classification, the flora 
of Thailand, and plant taxonomy, (2) flora content analysis from selected resources, (3) 
adoption of domain analytic approach for the organization of Thailand’s Flora, and (4) 
explicit clarification of flora knowledge organization in consultation with domain experts. 
The ontology development process requires ontology engineers and developers to have 
the requisite knowledge in ontology specification and ontology development environment 
(Chansanam and Tuamsuk 2016). The construction of the TFO ontology followed the 
guidelines suggested in Ontology Development 101 by Noy and McGuinness (2001). The 
scope of the TFO ontology was limited to the Flora of Thailand, therefore the study rec
ommended further development into an ontology-based retrieval system.
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A study on ontology-based semantic mapping for integrating land cover products using 
hybrid ontology was presented by Zhu et al. (2021). The integration of land cover data 
depended on the characteristics of land cover products such as the thematic information, 
spatial resolution, temporal frequency and accuracy (Zhu et al. 2021). The integration was 
performed at the data and schema levels. The schema level integration used the 
Ontology-Based Data Integration (OBDI) approach. The OBDI has different variants: sin
gle-ontology schema-level, multiple-ontology, hybrid and Global-as-View ontology 
approaches (Ekaputra et al. 2017). The choice of the appropriate OBDI variant for land 
cover mapping and integration remains a key challenge. The study involved the use of 
multiple land cover products whose data sources had different semantics for land cover 
concepts. Therefore, the hybrid approach for ontology construction was adopted because 
of the heterogeneity of the data sources. Each land cover data source resulted in a distinct 
ontology. These local ontologies were subjected to a mapping process with the help of the 
EAGLE concept (Zhu et al. 2021). Figure 10 shows the OBDI structure. The global 
vocabulary construction was done by following the EAGLE matrix (Zhu et al. 2021). 
Firstly, the data source is refined to meet the specific requirements of the definitions of 
different land cover types. Thereafter, the characteristics that suit a given cover type are 
arbitrarily chosen for the construction of local ontologies. The land cover type integration 
is facilitated by adding the axioms and attributes to reduce design inconsistencies. The 
conceptual description of each data source is explicitly done by local ontologies. Terms of 
interest of each data source and the hierarchical relationships between classes are ana
lyzed. Then, local ontologies of land cover concepts are disintegrated to express the attrib
utes and relationship clearly.

Figure 10 shows the three building blocks of the EAGLE matrix, that is, the land cover 
component (LCCs), land use attributes (LUA), and further characteristics (CH). Moving 
down the matrix, there is grain granularity, whereby the grain is refined going down in 
order to meet the requirements of the definition of the different scales of land cover types. 
The ontology of a particular land cover product can be designed by choosing an appropri
ate combination of components, attributes, and characteristics from the EAGLE matrix. The 
EAGLE matrix is extended to describe the main components and the relationship between 
them. Figure 11 shows the architecture of the EAGLE matrix. The conceptual model of the 

Figure 10. Ontology construction diagram (Zhu et al. 2021).
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data source is described using a local ontology. All the required data sources are carefully 
examined by assessing the terms of each data source and the hierarchical relationship 
between each class. Finally, the ontology cover of each concept is broken into the global 
vocabulary-EAGLE matrix to clearly express the relationship between attributes. The land 
products considered in this example include NLCD, Glodeland30, and FROM-GLS-seg. The 
classes in the land cover product are organized in a hierarchical structure. Figure 12 shows 
an example of a coniferous forest in the local ontology of FROM-GLC-seg.

A study in Li et al. (2022) proposed a collaborative boosting framework(CBF) that inte
grates a deep learning approach and a knowledge-driven ontology reasoning module for 
remote sensing image semantic segmentation. The approach consists of two main modules, 
that is, the deep learning module based on the semantic segmentation network (DSSN) and 
the ontology reasoning module. The ontology reasoning module’s role is to establish a con
nection between intra- and extra-taxonomy reasoning in series. The intra-taxonomy reason
ing module is incorporated to correct misclassifications done by the DSSN thereby 
improving the interpretability of the classification. On the other hand, the extra-taxonomy 
reasoning module works on the corrected results in order to provide refined details that 
will help DSSN make reliable interpretations. The two modules in the model interact itera
tively until the output from the entire system is optimized. The CBF model’s primary focus 
is on predicting information relating to elevation and shadow on the basis that the predic
tions by the extra-taxonomy reasoning are sufficiently accurate for the DSSN.

8. State of the ontology-based model for forest image classification

A state-of-the-art model based on ontology and a deep learning model in Kwenda et al. 
(2023) was employed to classify forest images into their respective categories. The basis of 
this study was derived from the notion that integrating ontologies and semantic relation
ships significantly increases image classification accuracy. The model is composed of three 
main phases, that is (1) feature extraction, (2) ontology building, and (3) image classifica
tion. The model is presented in Figure 13.

8.1. Feature extraction

In image processing tasks features play a critical role in image classification. The ensemble 
of ResNet50, VGG16, and Xception deep learning approaches was used to generate a set 

Figure 11. Structure of EAGLE matrix showing three blocks of land cover components (LCC), land use attributes 
(LUA), and characteristics (CH) (Smith and Hazeu 2015).
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of features from the training data set. Features produced by each deep learning technique 
were aggregated together to produce the final feature vector. The ensemble approach gen
erates features that produce more accurate results than those generated by a single 
approach.

8.2. Ontology building

The process of building ontology was synthesized through concept extraction and relation 
generation. Concepts relating to forests were established and the associated relationships 
between the concepts were generated. The semantic relationship between image classes 
helps train images for classes and this is accomplished by grouping together images 
belonging to a particular class. Image that belongs to a particular class Ci denoted as xi 
implies that xi is a child of Ci. Suppose that ‘artificial crop vegetation’ and ‘natural crop 
vegetation’ are the superclasses at the root node, the semantic rules will categorize images 
of ‘field’ and ‘orchard’ to ‘natural vegetation node’ even though both nodes belong to the 
‘Primary Vegetative Area’ parent class (Figure 14). The relationship between two concepts 
is shown with a relationship arrow that joins the concepts together, e.g. an arrow from 
‘orchard’ concept to ‘Artificial crop Vegetation Concept’ implies that ‘orchard’ is– a 
‘Artificial crop Vegetation’. The type of relationships considered in the study were hyp
onymy and hypernymy relationships. The generated ontology is shown in Figure 14.

Figure 12. Coniferous forest in the local ontology of from-GLC-Seg. (Zhu et al. 2021).
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8.3. Image classification

The set of features generated by the ensemble of deep learning approaches was used to train 
a one-vs-all Support Vector Machine (SVM) classifier for each classifier so that each class 
could be distinguished from other classes. The classification of a given test image is performed 
by both hyponymy and hypernymy classifiers as illustrated in Figure 15. A given test image is 
assigned to a class with the best hypernymy classifier (artificial– crop– vegetation and the best 

Figure 13. The proposed model.

Figure 14. Ontology of Forest types Kwenda et al. (2023).
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hyponymy classifier (grassland). If the classifiers have a direct relationship, then their output 
will be merged together else the hyponymy classifier will be considered.

8.4. Evaluation metrics for the state-of-the-Art model

Metrics such as confusion matrix, Root Mean Square Error (RMSE), Accuracy, and 
Receiver Operating Characteristics Area Under the Curve (ROC– AUC) were used to 
evaluate the model. Accuracy returns a ratio of correctly predicted classes to the number 
of samples evaluated. The definition of accuracy is presented in Equation (1).

Accuracy ¼
TP þ TN

TP þ TN þ FP þ FN
(1) 

Where TP, TN, FP, and FN represent true positives, true negatives, false positives, and 
false negatives respectively. The area under the ROC curve is generally used to assess 
comparisons between learning algorithms, as well as the establishment of an optimal 
learning model. The AUC values rank the performance of the classifier. The AUC is pre
sented in Equation (2).

AUC ¼
sp − npðnn þ 1Þ=2

npnn
(2) 

Where sp is the sum of positive ranked samples, nn, np denotes the number of negative 
and positive samples respectively. RMSE returns the square root mean square of all errors. 
The RMSE is expressed as Equation 3.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n
�
Xn

i¼1
ðOi − PiÞ

2

s

: (3) 

where Oi are the actual values and Pi are the predicted values. With a confusion matrix, it 
becomes very easy to identify classes with more mislabelled data than others by providing 
the visualization performance of the classifiers.

Figure 15. Classification using merging classifiers Kwenda et al. (2023).
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8.5. Results of the state of the art ontology-based model

Results shown in Table 3 indicate that the state-of-the-art model based on ontology out
performed baseline classifiers without ontology in terms of ROC– AUC, RMSE, and 
Accuracy. The ontology-based model performed well in separating classes in relation to 
other models as it attained the highest ROC– AUC value of 0.99. The model also recorded 
the lowest RMSE of 0.532 suggesting that the predictions made by the model were very 
close to the actual values.

9. Future directions and recommendations

A study in Arvor et al. (2019) recommended two research directions for using ontologies 
in remote sensing science namely, (a) the modeling of ontologies with spatial reasoning 
and cognitive semantics and (b) the investigation of bottom-up vs top-down approaches. 
The study also advised that spatiotemporal information can be included in ontologies by 
adopting the principles of naive geography and cognitive geography during the develop
ment process. In fact, these principles reflect two primary roles of ontologies that are, the 
alignment of data with expert knowledge and the representation of common sense cat
egorization based on expert conceptualization. The challenges of spatiotemporal ontolo
gies to implement cognitive semantics was emphasized by Kuhn et al. (2007). The authors 
provided guidelines for developing geospatial ontologies that are more cognitive, including 
(a) the use of sound meaningful and suitable primitives, (b) the recognition of space and 
time as the foundational aspects of ontology because they correlate with human conceptu
alization, (c) use process-oriented rather than static structures, (d) harmonize realistic 
semantics and cognitive semantics, (e) allow perspectivism and relativism, (f) allow con
ceptual mapping to enhance human-computer interaction, and (g) consider contextualiza
tion of elements to relate the situational and individual settings. Though GEOBIA came 
as a relief to the remote sensing science community by providing solutions to the prob
lems posed by pixel-based methods, its use in forest image analysis suffers a setback of 
localizing knowledge within a particular domain which is rarely transferable because it 
solely depends on expert knowledge Thus, forest image analysis and classification require 
expert knowledge from different facets of remote sensing professionals, which is rarely 
formalized and difficult to automate, The study recommends the adoption of ontologies 
for forest image analysis and classification as they promote knowledge sharing and the 
reuse of formalized remote sensing expert knowledge. This recommendation is supported 
in study Arvor et al. (2019) that ontologies in remote sensing provide a breakthrough in 
dealing with the complex definition of geographic concepts, handling a geographic con
cept’s vagueness and ambiguity, and managing sensory and semantic gaps. We recom
mend a hybridization approach of ontologies and Explainable Artificial intelligence (XAI) 
for image classification in remote sensing science thereby boosting domain expert confi
dence in the results produced. Such a hybrid approach provides an explicit explanation of 

Table 3. Quantitative comparison of models.

Model Test images Correctly classified misclassified ROC– AUC RMSE Accuracy

kNN 152 124 28 0.97 1.530 0.816
OntologicalBagging 152 146 6 0.99 0.532 0.961
RF 152 131 21 0.99 1.094 0.862
DecisionTree 152 98 54 0.81 2.090 0.645
SVM 152 135 17 0.98 1.048 0.888
GaussianNB 152 97 55 0.79 1.678 0.638
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how it reaches its conclusion. Production of features is to be performed by XAI, and clas
sifiers trained through ontology are to perform the classification task.

10. Conclusion

This paper conducted a critical survey of GEOBIA methods for forest image detection 
and classification. A review of modern ontology-based remote sensing applications for 
forest image classification gave an insight into the power of ontologies to explicitly repre
sent knowledge, thereby, improving the classification process. The shortcomings of 
GEOBIA such as failure to deal with segmentation scales, highly subjective because of 
computer-aided photo interpretation, and not being able to handle Big Geodata informa
tion were addressed, and the call for ontologies in remote sensing applications as a solu
tion for GEOBIA problems was highlighted. The primary core of representing domain 
expert expression has attracted the adoption of ontologies in remote sensing applications. 
The study recommended the revamp of GEOBIA, by adopting a hybridization approach 
of XAI and ontological frameworks. Considering that XIA is not a black box in nature 
and it provides an explicit explanation of how they reach their conclusion, the study rec
ommended the approach to be used for feature generation. In this regard, the domain 
expert’s confidence in the obtained results is raised. Feature vector from XAI is passed on 
to classifiers trained through an ontological framework to perform the final step of 
segmentation.
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2.2.2 Conclusion

The study conducted a comprehensive analysis of Geographic Object-Based Image Analysis

(GEOBIA) techniques employed in the identification and classification of forest images obtained

from satellite imagery. This study addresses several challenges encountered in the field of

Geographic Object-Based Image Analysis (GEOBIA). These challenges include difficulties in

effectively addressing segmentation scales, the subjective nature of the analysis, and limitations in

managing large-scale geospatial data. The research also outlines the potential future possibilities that

studies in GEOBIA (Geographic Object-Based Image Analysis) might pursue. Additionally, it

proposed a cutting-edge ontological framework for the classification of satellite forest images. The

study suggests that using XAI (Explainable Artificial Intelligence) with ontologies in the

classification of forest photos can enhance expert confidence in the outcomes. The recommended

approach provides a detailed explanation of the steps involved in reaching a conclusion, in contrast to

the opaque nature of deep neural network models.
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3. SATELLITE FOREST IMAGE SEGMENTATION

3 Satellite Forest Image Segmentation

Image segmentation is a key process for subsequent image classification. This chapter presents

published works in the segmentation of satellite forest images.

3.1 Hybrid Learning Model for Satellite Forest Image Segmentation

3.1.1 Introduction

This section introduces a research paper that presented the segmentation of satellite forest images

into regions of forest and non-forest areas. The work employed ResNet50 deep learning technique to

generate a set of features for the Random Forest algorithm to perform the segmentation process. The

model was subjected to a fine-tuning process to increase its efficiency. The proposed strategy in the

study contributed to better performance in the accuracy of the segmentation results.
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Abstract. Image segmentation is an essential image processing tech-
nique as the quality of individual object detection significantly affects
subsequent global image classification accuracy. The segmentation pro-
cess can be performed by a varying number of different algorithms, but
to date, these different algorithms are not yet able to guarantee a level
of performance similar to or superior to human capability. This study
adopts a supervised approach toward satellite forest image segmenta-
tion. The proposed model used a feature vector obtained through trans-
fer learning from ResNet50; these features were then passed to a Ran-
dom Forest for segmentation. The satellite images used for training and
testing were obtained from the Land Cover Classification Truck in Deep-
Globe Challenge. Metrics such as precision, recall, F1-Score, accuracy,
Root Mean Square Error (RMSE), and Mean Average Error (MAE) were
used to assess the performance of the model. The model achieved a test-
ing accuracy of 94%, RMSE value of 0.2499, and MAE value of 5.92. For
detecting forest areas the proposed model obtained a precision of 0.94,
recall of 0.96, and F1-Score of 0.95. For non-forest areas, the proposed
model achieved a precision of 0.93, recall of 0.89, and F1-Score of 0.91.

Keywords: Segmentation · Supervised approach · ResNet50 ·
Random Forest · Remote Sensing Image

1 Introduction

Image segmentation is a process whereby an image is partitioned into separate
regions, which ideally relate to different real-world objects [1]. Such a process
is of paramount importance for subsequent computational image content anal-
ysis and understanding. Hence, image segmentation quality significantly affects
subsequent image classification accuracy. The segmentation process can be per-
formed by a varying number of different algorithms, but to date, a satisfactory
level of high performance by these different algorithms has not yet been real-
ized. This can be attributed to different standards of what constitutes a good
segmentation, the sheer complexity of the segmentation context as well as a pos-
sible mismatch between the applied segmentation technique and its domain use

c© The Author(s), under exclusive license to Springer Nature Switzerland AG 2023
L. Rutkowski et al. (Eds.): ICAISC 2023, LNAI 14126, pp. 37–47, 2023.
https://doi.org/10.1007/978-3-031-42508-0_4
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case. Given the complexity and application dependence of the image segmenta-
tion task, this study advocates for the design of a segmentation technique that
leverages algorithm variance. Segmentation quality is assessed by measuring the
discrepancy between the delineated image region (DIR) and the actual image
region (AIR) of the scene image.

Unsupervised methods (empirical goodness methods) and Supervised meth-
ods (empirical discrepancy methods) [2] are the dominant evaluation algorithms
used in remote sensing images. Supervised methods evaluate a segmented image
object with a reference to a gold standard image (i.e a manually segmented
image). The quality of the segmented image is determined by the similarity
between gold standard image and the segmented image. The main advantage of
this approach is that there is a direct comparison between the manually gen-
erated image and the segmented image. Unsupervised methods depend solely
on the segmented image, i.e. it does not require to be compared with manually
segmented reference image [1]. The main advantage of Unsupervised evaluation
assessment methods is that they do not require to be assessed against a truth
value (i.e. manually segmented reference image). Therefore they are most suited
for general-purpose segmentation applications. However, Cheng [3] pointed out
that, whenever a sound ground truth is established, supervised methods are
desirable for segmentation assessment evaluation. It is against this backdrop that
this study has adopted a supervised approach toward satellite forest image seg-
mentation. The proposed model used a feature vector obtained through transfer
learning from ResNet50; these features were then passed to a Random Forest for
segmentation. The satellite images used for training and testing were obtained
from the Land Cover Classification Truck in DeepGlobe Challenge. Metrics such
as precision, recall, F1-Score, accuracy, Root Mean Square Error (RMSE), and
Mean Average Error (MAE) were used to assess the performance of the model.
The model achieved a testing accuracy of 94%, RMSE value of 0.2499, and MAE
value of 5.92. For detecting forest areas the proposed model obtained a precision
of 0.94, recall of 0.96, and F1-Score of 0.95. For non-forest areas, the proposed
model achieved a precision of 0.93, recall of 0.89, and F1-Score of 0.91.

The rest of the paper is structured as follows. Section 2 discusses related work.
The materials and methods used in the study are presented in Sect. 3. Section 4
describes and discusses the results of the study. The paper is concluded in Sect. 5.

2 Related Work

A study [4] investigated the use of auto-encoders to estimate forest biomass
on Landsat8 and LiDAR data sets. The auto-encoders outperformed the tra-
ditional machine learning algorithms such as the k-nearest neighbor, support
vector regression, and multiple step-wise linear regression by 1% to 7% in terms
of relative RMSE. The main limitation of their study was that there was no
mechanism or method for selecting optimal predictor variables, and separate
estimates for different forest types, hence the study obtained lower RMSE val-
ues. InceptionV3 and GoogleNet architectures were successfully implemented to
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estimate forest-above biomass from LiDAR data with RMSE of 26% and bias
of 0.7% respectively [5]. The study demonstrated that the use of deep learning
methods such as CNN for interpreting LiDAR datasets is an improvement upon
traditional methods for area-based predictions of forest attributes. However such
improvements brought about some drawbacks. The CNN deep learning model
requires large amounts of training data, effort, and time to perform the mod-
eling process. As a result, it is upon’s modeler’s judgment to decide whether
the improvements in the model’s performance are worth the effort required to
train the model. The proposed model in this study can successfully produce good
results on limited data set as it is only the RF section that performs the key
segmentation process and it performs best on the limited dataset.

In another study [6], the authors came up with a multi-task recurrent CNN
that integrated data from several sources, including aerial and satellite image
time series, and climate data for classifying different forest cover types and forest
proprieties such as above-ground biomass, canopy cover, basal area and quadratic
mean diameter. The multi-task method outclassed support vector machines and
random forests. Since the model was purely based on CNN, the model required a
large amount of training data, and as result, the model failed to make predictions
of hardwood forests of the Eastern US due to a lack of images for specific forest
types. The model proposed in this study can produce good results on limited
datasets.

A study [7] implemented a deep convolutional encoder-decoder Segnet model
to distinguish between crops, weeds, and background. A line detection algorithm
was used to determine the row of the crops, then the distance of both the crops
and weeds from the detected line was fed into a random forest algorithm to label
the plant as either weed or crop. The major limitation of this study was the
weak features adopted for crop detection which resulted in the misidentification
of crops and weeds. To address this issue, a hybrid model based on CNN was
used, which excels at producing features required for image segmentation and
classification [8].

A U-net deep CNN was used [9] for orchard tree segmentation using aerial
images. The aim was to detect and localize a canopy of orchard trees under
various conditions. The study en-counted a lot of false positives based on the
segmentation results. This could be attributed to high compression of train-
ing images which resulted in the loss of vital information. The proposed model
includes an image pre-processing phase in which all input images are resized to
512 × 512, which is large enough for the CNN model to capture all vital features
[10].

A model based on semantic segmentation and lidar odometry for the tree
diameter estimation was proposed [11]. Virtual reality tool was used to label
3D scans that were in turn used to train a semantic segmentation network. The
resulting masks were used to compute a trellis graph that uniquely identifies each
instance and extracts relevant features for the SLAM module. The model was
able to automatically generate tree diameter estimations. The study encountered
the challenge of quantifying the performance of the traditional SLAM algorithm
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as it was difficult to obtain ground truth measurements of trajectories in the
natural environment. To address this issue, ground truth measurements of easily
obtained landmark shapes can be used to benchmark various algorithms. The
proposed model made use of easily accessible image labels from [12].

3 Materials and Methods

This section presents the ResNet50 architecture used in this study for feature
extraction, the RF method employed for the segmentation of images, the met-
rics for evaluating segmentation results, and describes various operations such
as image processing and feature extraction, fine-tuning, sorting of features by
importance and performance test of the model.

3.1 Random Forest

Random forest (RF) is regarded as an ensemble classification method that uses
a set of classifiers instead of one classifier to classify a new set of data points
by considering their vote predictions. Bagging and Boosting algorithms are also
under the category of ensemble classification techniques. Boosting uses the con-
cept of iterative retraining to update the weights of incorrectly classified samples.
However, it is sensitive to noise, very slow, and can over-train [13]. The Bagging
algorithm draws many bootstrap samples from training data and for each boot-
strap, a tree is constructed. The idea is that the successive trees are constructed
independently from earlier trees and a simple majority vote is taken for predic-
tion [14]. RF is an advanced version of Bagging which is simply described as the
collection of tree-structured classifiers [15]. RF splits each node by considering
the absolute best split from a randomly chosen subset of predictors at that par-
ticular node. A new training data set referred to as the bootstrap is created from
the original data set. The random feature selection is then used to grow a tree.
RF is initialized by setting two parameters that are of paramount importance,
that is, the number of trees to grow, referred to as N , and the number of variables
m to split at each node. Then the N bootstrap is obtained by taking two-thirds
of the training data, whilst the remaining one-third of the training data that is
referred to as out-of-bag (OOB) data is reserved for testing. An unpruned tree
from each bootstrap is constructed with a constraint that, each node is based
on what is considered the best split (GINI Index) from randomly chosen subset
predictor variables. The GINI index also referred to as GINI impurity measures
class homogeneity and is expressed as follows.

G =
J∑

m=1

cm(1 − cm) (1)

where J is the number of classes and cm corresponds to a set of items labelled
with classes m ∈ 1, 2, ..., J.
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3.2 ResNet50

The ResNet50 model was formulated to provide solutions to difficulties in the
training process of deep CNN and to reduce saturation and degradation prob-
lems. ResNet50 architecture has been developed to overcome the degradation
problem by using residual learning. It is an extremely deep type of CNN with
48 convolutional layers, one Maxpooling layer, and one Average pooling layer.
An input instance and an output instance are summed up such that the original
mapping function

H(x) = F (x) − x (2)

is redefined as:
H(x) = F (x) + x (3)

The refinement of the mapping function greatly approximates the desired func-
tions while also making learning simple. This reformulation was initiated to
mitigate the degradation problem. The redefined mapping function in Eq. 3 is
implemented by having feed-forward neural networks with short connections.
The short or skip connections are direct connections that skip some of the layers
of the model. The shortcut connections carry out identity mapping operations,
and the results are added to the outputs of the stacked layers. If the additional
layers can be built as identity mappings, the training error of a deeper model
should be not greater than that of its shallower counterpart.

3.3 Metrics for Segmentation Evaluation

The authors in [16] revealed that the segmentation of remote sensing images
hugely suffers from over-segmentation and under-segmentation problems and
there is no standard way of assessing remote sensing segmentation quality. Met-
rics that are commonly used for evaluation involve accuracy, precision, recall,
F1-Score, support, confusion matrix, Root Mean Square Error (RMSE), and
Mean Absolute Error (MAE) [17].

3.4 Image Preprocessing and Features Extraction

Image pre-processing tasks enhance the quality of image datasets prior to the
image segmentation and classification tasks. Generally, this pre-processing task
includes image scaling, rotation, and image translation. For this study, all images
were resized to 512 × 512 pixels. Due to their architecture, deep learning models
generally require that all images in a dataset should be of the same size. CNNs are
commonly used for feature extraction. The ResNet50 model which was optimized
using transfer learning produced a feature vector with 64 features from the pre-
processed original image. Figure 1 shows the distribution of features obtained.
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Fig. 1. ResNet50 feature vector

3.5 Fine Tuning

Fine-tuning involves making some modifications to a function or a model in order
to improve its effectiveness. The first three layers of ResNet50, up to batch
normalization, were considered for feature generation. The layers are shown
in Table 1. The batch normalization layer was chosen for tapping the output
because the size of images would not have been significantly reduced. The num-
ber of estimators in the RF was set to 100. Training image masks were resized to
256 × 256 to correspond to the output shape of the batch normalization layer.

Table 1. Three ResNet50 layers considered for feature generation

Layer(type) Output Shape Parameter

input−1(input layer) [(None,512,512,3)] 0

conv1−pad(ZeroPadding2D) (None,518,518,3) 0

conv1−conv(con2D) (None,256,256,64) 9472

conv1−bn(BathNormalisation) (None,256,256,64) 256

3.6 Sorting Features by Importance

The stage that was of paramount importance was to identify the features that are
more critical than others. Feature importance was used to fish out significant
features required for forest image segmentation. The Gini index provides the
basis for determining feature importance values. Feature importance in RF is
expressed as the decrease in node impurity weighted by the probability likelihood
of reaching that node. The probability of reaching a node is determined by the
number of samples that vote for the node, divided by the number of samples. The
higher the value obtained, the higher the importance of the feature. The study
adopted the Scikit-learn Python package for the calculation of the gini indexes.
All features with values above 0.00, were considered for the image segmentation
process.
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3.7 Performance Tests

In order to determine the performance of the proposed model, several tests were
conducted. The dataset was split into 80% for training purposes and 20% for
testing purposes. Other experiments were performed by replacing ResNet50 with
other popular pre-trained models such as InceptionV3, VGG16, and Exception.

4 Experimental Results and Discussions

The dataset, the platform used to carry out this study as well as the experimental
results achieved are presented and discussed in this section.

4.1 Platform and Dataset

The experiment was carried out on the Google Colab platform which offers free
TPU and GPU resources on the cloud. The GPU acceleration of NVIDIA Tesla
was used due to the high computational nature of the experiment. A standard,
publicly accessible dataset was obtained from Land Cover Classification Truck
in DeepGlobe Challenge [12]. Figure 2 shows an original image and its corre-
sponding labeled mask from the dataset, as used in the study.

Fig. 2. Extracted RGB-patches and their corresponding masks.

4.2 Results and Discussions

In the experiment of the proposed model, the original image was resized to 512
× 512. Under transfer learning, pre-trained weights of ResNet50 were obtained.
ResNet50 architecture produced 64 features when applied to aerial satellite input
images. The elements of the 64 feature vectors were taken in as independent vari-
ables by the RF classifier to segment forest region areas from non-forest region
areas. Several experiments were done by changing the number of classifiers in the
RF. The model was then compared against VGG16, Inception, and Xception.
Metrics used to evaluate the proposed model were confusion matrix, precision,
recall, F1-Score, MAE, and RMSE. The confusion matrix is a two-dimensional
table that reflects the performance of a classification algorithm. It is important
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Table 2. Metrics for forest areas

Model Precision Recall F1-Score

InceptionV3 0.93 0.94 0.94

Xception 0.93 0.94 0.94

VGG16 0.94 0.97 0.95

Resnet50 0.94 0.96 0.95

for visualizing and summarizing the performance of a classification algorithm.
The confusion matrix obtained is presented in Fig. 3. Comparing the segmen-
tation results for each model in Table 2 and Table 3, all the models could effec-
tively segment forest region areas from non-forest region areas, though there are
marginal differences in terms of accuracy as presented in Table 4. Both RMSE
and MAE are regularly employed for model evaluation studies. [18] argued that
RMSE is not a good metric to measure the performance of a model as it gives a
misleading average error, hence MAE would be a better metric for such purpose.
However, [17] presented that RMSE is not ambiguous in its meaning and hence
it is more appropriate to use than MAE when a model’s error follows a normal
distribution. Also, RMSE satisfies the triangle inequality required for a distance
function metric. Because of the argument by [17] the study gives more preference
to the RMSE metric.

Table 3. Metrics for non-forest areas

Model Precision Recall F1-Score

InceptionV3 0.89 0.88 0.88

Xception 0.89 0.88 0.88

VGG16 0.93 0.88 0.90

Resnet50 0.93 0.89 0.91

Table 4. Metrics for determining accuracy

Model Accuracy RMSE MAE

InceptionV3 0.9184 0.2857 9.72

Xception 0.9163 0.2893 10.16

VGG16 0.9332 0.2579 5.75

ResNet50 0.9375 0.2499 5.92

The Precision, Recall, and F1-Score values for forest areas (Table 2) are
higher than those of non-forest areas (Table 3). InceptionV3 and Xception val-
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ues follow each other, hence it can be concluded that these models have got the
same computational power for the segmentation task in the context of remote
sensing-related images. The hybrid model used by this study achieved a high
F1-score (Table 3) as compared to the research done by [19] which achieved an
F1-score value of 0.34. Their study was centered on Unet deep learning model
for segmenting forest images. The confusion matrix results in Fig. 3 show on the
main diagonal that 55 297 pixels were classified correctly while only 3686 pixels
were misclassified. In terms of accuracy, Table 4 shows that the hybrid model
with ResNet50 produced the best results in performing the segmentation task
as it produced an accuracy of 94% and an optimal RMSE value of 0.25. The
hybrid model with VGG16 produced closely related results to ResNet50 as it
obtained an accuracy of 93% and RMSE of 0.26. For this study VGG16 and
ResNet50 had more refined segmentation results, hence they are better at seg-
menting forest region areas from non-forest region areas. The proposed model
achieved an accuracy of 94%, RMSE of 0.2499, and MAE of 5.92 (Table 4). The
final segmentation is shown in Fig. 4, where the first, second, and third images
are the source, ground truth, and algorithm prediction images, respectively.

Fig. 3. Confusion Matrix

Fig. 4. Forest Image segmentation.
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5 Conclusion

In this paper, a hybrid of CNN (ResNet50) and a traditional learning method
(Random Forest) was constructed to identify forest areas and non-forest areas.
The CNN was employed to produce features which in turn were used by a
Random Forest to segment aerial satellite images. The model performance was
assessed against other transfer learning models. The proposed model achieved
an overall accuracy of 94%. In conclusion, there is no absolute algorithm that
is guaranteed to be good in segmentation as it depends on the specific appli-
cation. The supervised evaluation approach is suitable only if the golden stan-
dard truth image is established. The main advantage of this approach is that
it produces accurate and reliable results. The fact that unsupervised evalua-
tion approaches do not require standard images and are a low-level data-driven
evaluation method, is a factor in the difficulty of obtaining high accuracy and
lack of flexibility to accommodate versatility on image features. Future research
should consider a model that incorporates ensembling deep learning approaches
for feature generation, with an aim of increasing classification accuracy.
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3.1.2 Conclusion

This paper presented a hybrid model of the ResNet50 model and Random Forest algorithm

constructed to distinguish between forest and non-forest areas. The sole objective of the ResNet50

model was to generate a set of features for the RF algorithm to perform the segmentation process.

The model performed better when assessed against other deep learning-based models such as

InceptionV3, Xception, and VGG16.

3.2 Hybridizing Deep Neural Networks and Machine learning Models for Aerial

Satellite Forest Image Segmentation

3.2.1 Introduction

This paper is an extension of the paper presented in section 3.1. In this study, a hybridization of

VGG16 and ResNet50 deep neural networks was employed to extract features from aerial satellite

images which were subsequently used by the machine learning classifiers such as RF, LSVM, KNN,

LDA, and GNB to segment the image into forest and non-forest regions. The harmonization with the

deep neural networks is made to address the challenges of machine learning classifiers of lacking the

ability to extract features such as the spatial relationship between pixels and texture which results in

subpar segmentation results. This paper has been submitted for publication in MDPI (Remote sensing

journal).
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Abstract: Forests play a pivotal role in mitigating climate change as well as contributing to the 1

socio-economic activities of many countries. Therefore, it is of paramount importance to monitor 2

forest cover. Traditional machine learning classifiers for segmenting images lack the ability to extract 3

features such as the spatial relationship between pixels and texture, resulting in subpar segmentation 4

results when used alone. To address this limitation, this study proposed a novel hybrid approach that 5

combines deep neural networks and machine learning algorithms to segment an aerial satellite image 6

into forest and non-forest regions. Aerial satellite forest image features were first extracted by two 7

deep neural network models, namely, VGG16 and ResNet50. The resulting features are subsequently 8

used by five machine learning classifiers including Random Forest (RF), Linear Support Vector 9

Machines (LSVM), k-nearest neighbor (kNN), Linear Discriminant Analysis (LDA), and Gaussian 10

Naive Bayes (GNB) to perform the final segmentation. The aerial satellite forest images were obtained 11

from a deep globe challenge dataset. The performance of the proposed model was evaluated using 12

metrics such as Accuracy, Jaccard score index, and Root Mean Square Error (RMSE). The experimental 13

results revealed that the RF model achieved the best segmentation results with accuracy, Jaccard 14

score, and RMSE of 94%, 0.913 and 0.245, respectively; followed by LSVM with accuracy, Jaccard 15

score and RMSE of 89%, 0.876, 0.332, respectively. The LDA took the third position with accuracy, 16

Jaccard score, and RMSE of 88%, 0.834, and 0.351, respectively, followed by GNB with accuracy, 17

Jaccard score, and RMSE of 88%, 0.837, and 0.353, respectively. The kNN occupied the last position 18

with accuracy, Jaccard score, and RMSE of 83%, 0.790, and 0.408, respectively. The experimental 19

results also revealed that the proposed model has significantly improved the performance of the 20

RF, LSVM, LDA, GNB and kNN models, compared to their performance when used to segment the 21

images alone. Furthermore, the results showed that the proposed model outperformed other models 22

from related studies, thereby, attesting its superior segmentation capability. 23

Keywords: Segmentation; Machine Learning; Supervised Approach; Deep learning 24

1. Introduction 25

Forest constitute a greater portion of the natural ecosystem and is one of the richest 26

forms of resource that contributes to the Gross National Product (GNP) of many na- 27

tionalities. They play a pivotal role in areas such as climate regulation, environmental 28

improvement, the global water cycle, and soil conservation [1][2]. Apart from a wider 29

range of ecological services, forests contribute to socio-economic through the provision 30

of forest product such as timber and also offers nature-based recreation [3]. Therefore it 31

is of paramount importance to continuously monitor forests in order to understand the 32

changes that occur with respect to time. Surveys were used to conduct forest monitoring, 33

but such a technique is costly and cannot be completed in a short period of time [4]. With 34

the development of advanced modern sensors, remote sensing has made it possible to 35

monitor land cover on a large scale. However, the automatic segmentation of aerial satellite 36

images to visualize areas that are populated with forests remains a challenging task [5]. 37
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In fact, the process of segmenting images of remote sensing of the Earth’s surface has not 38

been brought to automation with the same accuracy as with manual marking [6], despite 39

the rapid development of computer vision algorithms for detecting objects in an image. 40

Although humans can outperform computers in solving segmentation problems, doing 41

so manually would take too long. Satellite image segmentation using computer vision 42

algorithms is a very pertinent task in this scenario because it is hard to obtain segmentation 43

results in real time. The segmentation process is generally a difficult task due to two main 44

challenges: one is the intrinsic ambiguity in image perception and the other is that an image 45

with many visual patterns becomes too complex to model [7]. 46

The recent development of deep neural networks such as Convolutional Neural 47

Networks (CNN) has improved images segmentation results [8] [9] [9]. However, deep- 48

learning techniques produce excellent results when trained on large data sets, which is 49

contrary to traditional machine-learning techniques which produce good results on a 50

limited dataset. On the other hand, traditional machine learning classifiers for segmenting 51

images such as Linear Support Vector Machines (LinearSVM), k-nearest neighbor (kNN), 52

Linear Discriminant Analysis (LDA), and Gaussian Naive Bayes (GNB), lack the ability to 53

extract features such as the spatial relationship between pixels and texture, resulting in 54

subpar segmentation results when used alone. This study aims to address this shortcoming 55

of traditional machine learning algorithms by proposing a hybrid model that combines 56

the strengths of deep neural networks and traditional machine learning algorithms for 57

improved segmentation of aerial satellite images. Features of aerial satellite images are 58

firstly extracted with VGG16 and ResNet50 deep neural network models. The resulting 59

features are subsequently used by RF, LinearSVM, kNN, LDA, and GNB classifiers to 60

perform the final segmentation. VGG16 and ResNet50 were chosen in this study because 61

they have innately dissimilar network architectures that abstract unrelated information 62

for the purpose of object detection. The performance of the proposed hybrid model was 63

evaluated using various metrics including Accuracy,Jaccard score index and Root Mean 64

Square Error (RMSE). The aerial satellite forest images were obtained from a deep globe 65

challenge dataset. The performance of the proposed model was evaluated using various 66

metrics such as Accuracy, Jaccard score index and Root Mean Square Error (RMSE). The 67

experimental results revealed that the RF model achieved the best segmentation results 68

with accuracy, Jaccard score and RMSE of 94%, 0.913 and 0.245, respectively; followed by 69

LSVM with accuracy, Jaccard score and RMSE of 89%, 0.876, 0.332, respectively. The LDA 70

took the third position with accuracy, Jaccard score and RMSE of 88%, 0.834 and 0.351, 71

respectively, followed by GNB with accuracy, Jaccard score and RMSE of 88%, 0.837 and 72

0.353, respectively. The kNN occupied the last position with accuracy, Jaccard score and 73

RMSE of 83%, 0.790 and 0.408, respectively. The experimental results also revealed that the 74

proposed model has significantly improved the performance of the RF, LSVM, LDA, GNB 75

and kNN models, compared to their performance when used to segment the images alone. 76

Furthermore, the results showed that the proposed model outperformed other models from 77

related studies, thereby, attesting its superior segmentation capability. 78

The rest of the paper is structured as follows. Section 2 reviews related studies. An 79

overview of feature extraction algorithms is provided in Section 3. Machine learning 80

classifiers are discussed in section 4. Section 5 looks at the segmentation process by RF. The 81

structure of the proposed model is presented in Section 6. Section 7 discusses the results 82

obtained and Section 8 concludes the paper. 83

2. Related studies 84

Segmenting forest, land cover and satellite images have been of interest to many 85

researchers [10], [11], [12], [13] in recent years. A study [10] proposed a U-net model to 86

perform segmentation tasks on forest and water bodies satellite images. The purpose of the 87

model was to determine the area covered by forest and water. The approach performed 88

well as it attained a validation accuracy of 82.92% and 82.5% to perform segmentation on 89

areas covered by water and forest respectively. This study had the challenge of having 90
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mislabelled masks in its data set. The presence of mislabelled masks hugely contributes to 91

the decrease in model performance. In this proposed study, the data set used did not contain 92

any mislabelled mask. The cleaning process of removing the mislabelled mask is a very 93

essential prepossessing task, as this has got a bearing on the overall model performance. 94

Another study [11] came up with a model based on U-net adopted under transfer learn- 95

ing to perform agricultural field segmentation on satellite imagery. The model integrated 96

the strength of transfer learning, residual network, and U-net architecture (TL-ResUnet). 97

The approach was tested on satellite images obtained from the DeepGlobe data set. The 98

model outperformed other methods such as DFCNet, DeepLabv3, and DeepLabv3+ in 99

terms of Intersection over Union (IoU). The TL-ResUnet obtained an IoU of 81%, DeepLabv3 100

(74.5%), and DeepLabv3+ (75.6%). However, in terms of robustness, the model failed in 101

some circumstances to segment small forested areas and narrow water bodies because of 102

the presence of noise in satellite images. To overcome this challenge the proposed study 103

used a non-local means algorithm to denoise the input images. 104

Authors in [12] used different machine learning algorithms such as Fully convolutional 105

neural network (FCNN), linear support vector machine, naive bayes, and logistic regression 106

to perform semantic segmentation on satellite images to determine the allotment of forested 107

areas in order to determine the rate at which deforestation occurs over a period of time. 108

The FCNN achieved the highest Jaccard index score of 91.8% followed by the regression 109

logistics with 90%. However, because of a huge imbalance in the data set the model did 110

not perform well in detecting non-forest areas. Another challenge for FCNN was that it 111

required a lot of training time and it consumed a significant amount of storage space. 112

Segmentation of forested regions in aerial images was accomplished in a study [6] 113

using an Unet network model with 2 encoders. The model was applied to a dataset 114

consisting of 17 images, each of which had a 16-bit channel. With a dice coefficient of 0.765, 115

the model demonstrated its ability to segment forests in satellite images. Due to experts’ 116

inability to completely segment ground truth images, the model’s detection performance 117

was subpar, with an F-measure of 0.349. This proposed research uses a fully segmented 118

ground truth image to overcome this challenge. 119

Another Model based on Unet was developed to perform the segmentation of defor- 120

estation areas using satellite images taken from Ukrainian forests [14]. Satellite images at a 121

resolution of 512 by 512 pixels contains sections of forest, deforestration, and other areas. 122

The dataset had an imbalance issue, however, the hybrid loss function was employed to 123

overcome the challenge. To evaluate the effectiveness of the model as well as its consistency 124

during the process of validation and training, k-cross validation and random runs were 125

used. The model had an intersection over union (IOU) mean of 0.03 and an intersection 126

over union standard deviation (IOU std) of 0.03 after running it for 100 epochs. According 127

to these findings, the unpredictability of the initialization process and the variety of the 128

photos did not have a major impact on the performance of the model. However, wider data 129

variability decreased model’s performance. 130

A study in [15] developed a supervised artificial neural network for plant image 131

segmentation using a raw image dataset of 8-bit RGB intensity values. The neural network 132

structure is composed of 1024 neurons in the first hidden layer, then 512 neurons in the 133

second layer. The ReLU activation function is employed between the input layer and the 134

first hidden layer. The sigmoid function is used between the hidden layer and the output 135

layer. The output layer has one neuron used to compute an instance belonging to a class. 136

The model performed well as it produced a very low error rate of 0.007. However, the 137

approach took a significantly huge amount of time to segment images of high resolution, 138

therefore, the study recommended using distributed computing or a graphical processing 139

unit (GPU) to speed up the segmentation time. It is, for this reason, the proposed model in 140

this study adopted the cloud-based GPU platform for implementation. 141

Another study [16] employed U-Net Neural Network with ResNet34 to conduct 142

wildfire segmentation on satellite pictures. The adaptive moment estimation approach was 143

utilized to achieve optimal results during the training of the model. The Resurs dataset 144
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which is made up of 10-bit images with three channels that have a spatial resolution of 145

between 1 and 10 meters per pixel, and the Planet dataset, which is made up of 10-bit 146

satellite images with three channels that have a spatial resolution of 3 meters per pixel were 147

utilized. The performance of the model was satisfactory, as it obtained a Jaccard score index 148

of 0.87 for the Resurs dataset and 0.757 for the planet dataset. However, the application of 149

random chromatic distortion to boost the model’s robustness in the face of noisy images 150

resulted in a minor decline in the quality of the deep learning method. 151

Drones, with their excellent spatial resolution and adaptability in picture capture, 152

have just ushered in a new era in the mapping of wetlands. A study in [17] used machine 153

learning algorithms and deep learning algorithms using drone imagery to make a map 154

of the important plant groups in Clara Bog, an Irish wetland, before spring. The highest 155

accuracy in semantic segmentation (about 90%) was achieved by combining the ResNet50 156

and SegNet architectures, and the Random forest (RF) was found to be the best pixel-based 157

machine learning classifier. When used with the graph cut method for image segmentation, 158

it gave good accuracy of 85%. However, the deep learning architecture’s main challenge 159

is computational overhead. To address this issue, the proposed model in this study has 160

adopted an ensemble of VGG16 and ResNet50 models solely for feature extraction and the 161

segmentation process is then performed by the Random Forest algorithm. 162

[13] implemented a random forest algorithm on SPOT satellite imagery to identify 163

the best segmentation scales to predict land cover classes. The algorithm achieved an 164

overall accuracy of 85.2%. The study used the Normalised Difference Vegetation Index 165

(NDVI) and Normalised Difference Water Index (NDWI) to extract features. However, 166

NDVI is affected by saturation, atmosphere effects, and sensor quality [18]. It is, for this 167

reason, the proposed study adopts the hybrid approach of deep learning networks which 168

excels at extracting features regardless of atmospheric effects. A study in [19] employed 169

convolutional neural networks (CNN) to segment an aerial satellite image into different 170

regions, but the study encountered challenges of having isolated satellite and segmentation 171

images made at different times leading to inaccuracy. Another CNN segmentation model 172

in [20] was employed to detect forest fires in aerial satellite images. Ref [21] developed a 173

model that used NDVI to separate forest and dense grass in satellite vegetation images. 174

Using only spectral characteristics to distinguish grass areas from forests may not yield 175

greater accuracy, however, deploying machine-learning algorithms would yield greater 176

accuracy for complex features. 177

3. Overview of feature extraction algorithms 178

In this study, ResNet50 and VGG16 deep learning models were used to extract features 179

based on the studies done by [22][23]. The salient features of the models are described as 180

follows: 181

3.1. VGG16 Network Model 182

The VGG network model was first proposed by the Visual Geometric Group at Oxford 183

University, and that is where its name was derived. The network became much more 184

popular in 2014 when it won first and second place in the classification and localization 185

task when it participated in the ImageNet Large Scale Recognition Challenge (ILSVRC) [24]. 186

The network is composed of 13 convolutional layers and 3 fully connected layers, hence 187

the name VGG16. The large convolution filter in the VGG16 network has been replaced 188

by various 3 × 3 convolutional filters stacked on top of each other. The multiple 3 × 3 189

convolutional filters make the network deeper and at the same time reduce the number of 190

total parameters [25]. In the VGG16 network, each max-pooling layer has a kernel of size 2 191

and a step of 2. 192

3.2. ResNet50 Network Model 193

ResNet50 is a 50-layer-deep CNN and is the first network to adopt residual learning 194

in 2015 [26]. The network won the first prize in 2015 when participated in computer vision 195
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benchmarking challenges in the ILSVRC and Microsoft Common Objects in Context2015. 196

A deep layered network suffers from increased error rates due to the vanishing gradient 197

problem [27]. However, the ResNet50 models solve this challenge by incorporating a 198

technique called skip connections or shortcuts as shown in Figure 1. The shortcuts jump 199

several layers and connect directly to the input, hence the vanishing gradient is avoided. 200

The mapping function of a shortcut connection sums up the input instance and the output 201

instance such that the original mapping function 202

H(x) = F(x)− x (1)

is redefined as 203

H(x) = F(x) + x (2)

The refinement of the mapping function makes learning simple whilst the desired function- 204

ality is achieved. The mapping function presented in equation 2 is implemented through 205

feed-forward neural networks as presented in Figure 1

Figure 1. ResNet50 shortcut
206

4. Overview of Machine Learning Classifiers 207

4.1. Random Forest Algorithm 208

The random forest algorithm is an ensemble classifier based on decision trees, where 209

each tree grows through randomization. The RF algorithm is capable of processing large 210

amounts of data at high speed using decision trees. During the training phase, the RF 211

algorithm randomly chose a subset of data from the training data. At a particular node, 212

say n, the training data is recursively split into left and right subsets using the split 213

function and the threshold. The split function randomly selects the threshold in the range 214

h ∈ (minX(vi), maxX(vi) where h is the threshold and X(vi) is the split function of vector 215

v. The split function that creates the left and right subset trees is expressed as: 216

ml = (i ∈ mn)|x(vi) < h) (3)
217

mr = mn\mi (4)

where ml is left data, mr is right data and mn is data at corresponding node n. At the 218

split node, several candidates are randomly produced through the split function and the 219

threshold. Only candidates that maximize the information gain at a given node are selected. 220

The information gain is computed by entropy estimation as expressed in equation 11. 221

∆E = − |mi|
|mn|

E(mn)−
|mr|
|mn|

E(mn) (5)
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where ∆E is the information gain. Whenever the training process reaches a leaf node or no 222

more ∆E is possible, the iterative process stops. The final class is generated by the ensemble 223

of all distributed trees X = (x1, x2, ..., xn) as presented in equation 16: 224

P(ci|X) =
1
N

N

∑
n=1

P(ci|xN) (6)

where P(ci|X) is the probability of class ci given distributed trees X. 225

4.2. Linear Support Vector Machines 226

Linear Support Vector Machines (LinearSVM) is a machine learning classification 227

technique that was proposed by Vapnick and his group at AT&T BELL laboratories [28][29]. 228

LinearSVM works on obtaining the best generalization performance by ensuring a relation- 229

ship balance between accuracy obtained from the training data and the machine capacity. 230

It works by trying to separate classes with a hyperplane surface so as to maximize the mar- 231

gin among them. LinearSVM has also been successfully applied to perform handwritten 232

digit recognition, face detection on images, and object detection [30]. Based on Vapnick, 233

LinearSVM can either be described either from the linearly separable case or Non-linearly 234

separable case. 235

4.2.1. Linearly seperable case 236

For this case, data is considered to be linearly separable, and the plane is defined 237

by an equation: v.x + c = 0, where x is a specific point on a hyperplane, and v is an 238

m-dimensional vector that is perpendicular to the hyperplane, and c is the distance of the 239

point is closest to the hyperplane origin. This will arise two inequality equations: 240

v.xi + c ≥ 1, f or y1 = +1, and (7)
241

v.xi + c ≤ 1, f or y1 = −1 (8)

Equation 7 and 8 can be combined into 242

yi(v.xi + c)− 1 ≥ 0, ∀i (9)

Now LinerSVM will try to find a hyperplane v.x + c = 0 with minimum ||v||2. This is also 243

equivalent to determining the hyperplane with the largest margin, which is determined by 244

calculating the distance between the closest vectors for two classes. Hence the problem is 245

redefined as follows: 246

Minimize v,c︸︷︷︸
1
2
||v||2 subject to yi(v.xi + c)− 1 > 0 (10)

4.2.2. Non-Linear Case 247

For this case, data appears in the optimization problem in the form of dot products. It 248

maps features vectors to a higher dimensional Euclidean space by a mapping: 249

Φ : RdαH (11)

Then the optimization problem in space L is obtained by replacing xi.xj by Φ(xi).Φ(xj). If 250

there is kernel function Q defined by 251

Q(xi, xj) = Φ(xi).Φ(xj) (12)

then there is only a need to compute Q(xi, xj) in the training maps. The decision function 252

then becomes 253

f (x) = sign(
I

∑
i=1

yiλiQ(x, xj) + c) (13)
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4.3. k Nearest Neighbor 254

The K nearest neighbor algorithm is another machine learning technique that is 255

employed for regression and classification-related tasks. It works by assigning unmarked 256

data points to the class that is nearest to the labeled data point [31]. The algorithm’s efficacy 257

is through its ability to leverage similarity metrics, which consider the distance between 258

points to determine the most analogous data point. K-nearest neighbor applies information 259

obtained from the observed data to make its predictions rather than relying on predefined 260

associations between the predictor and predicted variable. Fore regression related tasks, the 261

K-NN approximates the response of a test point (xp) by considering the weighted average 262

of all the responses from the closest point (x(1), x(2), ..., x(k) in the vicinity of (xp). In order 263

to determine the right weight to assign to each neighbor; kNN adopts a kernel function that 264

calculates the weight of the neighbor based on its proximity to the test point. For a given 265

training dataset X = {x1, x1, ..., xs} consisting of s training points, each with T features, 266

weighted Euclidean distance can be employed to determine the distance between each 267

training point xi and the test point (xp). Euclidean Distance (ED) is computed as presented 268

in the equation 14 269

ED(xp, xi) =

√√√√ T

∑
t

wt(xp,t − xi,t)2 (14)

where T represents the number of features, xp,t denotes the tth feature value of the existing 270

point xp, xi,t denotes the tth feature value of training point xi. The tth feature weight is 271

represented by wt. The kernel regression that is used to estimate the response of xp is 272

defined in equation 15 273

f (xp) =
∑k

i=1 ϕ(xp, xi) f (xi)

∑k
i=1 ϕ(xp, xi)

(15)

where k is the number of k-nearest neighbors, ϕ(xp, xi) f (xi) is the kernel function at the ith
274

training point and f (xi) is the known response of xi. 275

4.4. Linear Discriminant Analysis 276

The Linear Discriminant Analysis is employed to decide to differentiate between input 277

patterns [32]. For a given two classes the decision boundary is defined as: 278

d(Q) = Q1 −mQ2 − r (16)

where Q1 and Q2 represents input patterns. The idea behind LDA is to construct a decision 279

surface such that d(Q) > 0 would categorize patterns for one class and d(Q) < 0 would 280

categorize patterns for another class. Considering that x = {x1, x2, ..., xM} is an M dimen- 281

sional pattern vector. Suppose the number of classes is n and the problem is to classify a 282

given instance x to any one of the classes. The problem is solved by defining n decision 283

functions given by d1x, d2x, ..., dnx. The instance x would be categorized into class p and 284

not q if 285

dp(x) > dq(x) wherep ̸= q i f p, q = 1, 2, 3, ..., n (17)

The decision boundary between the two classes p and q will be redefined as 286

dp(x)− dq(x) = 0 (18)

Therefore the instance x would be classified into class p if 287

(dp(x)− dq(x)) > 0 (19)

and to class q if 288

(dp(x)− dq(x)) < 0 (20)
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4.5. Gaussian Naive Bayes 289

Gaussian Naive Bayes simplifies learning by assuming that features are independent 290

of given classes [33]. This assumption is described by many researchers as poor in general, 291

but however, it works effectively based on this assumption. The Bayesian Classifier assigns 292

a given instance x to the most likely class as expressed in the equation 21 293

P(C) =
n

∏
i
= Ip(Xi|c) (21)

where C denotes the classifier, and X = (X1, ..., Xn) represents a feature vector [34]. The 294

Gaussian Naive Bayes is a simplified version of Bayesian probability based on the indepen- 295

dence assumption. This implies that one attribute of the probability of one has no impact 296

on the probabilities of the other attributes. 297

5. Evaluation metrics used in the study 298

Metrics such as the Jaccard index, Root Mean Square Error (RMSE), confusion matrix, 299

ROC−AUC curves, Precision, Recall, F1-Score, and Accuracy are used in this study to 300

evaluate the performance of the proposed segmentation model. The confusion matrix 301

facilitates the visualization of the model’s performance. The visualization platform makes 302

it simple to identify confusion between regions, e.g., it is simple to determine which 303

regions have more misclassified pixels than others. The ROC−AUC curve, also known as 304

the sensitivity measure, is a graph of the true-positive rate versus the false-positive rate. 305

Better classification performance is indicated by a model with a trajectory that is located 306

far from the median. In a plot, the ROC−AUC curve represents the efficacy of a model 307

across all thresholds. The bigger the area, the better the model. One of the benefits of 308

the ROC−AUC curve is that it facilitates the comparison of results from various models 309

without the need to reconcile sensitivity and specificity concerns. The ROC−AUC formula 310

for binary classification is expressed in equation 22 [35]. 311

ROC−AUC =
xp −mp(mp + 1)/2

mpmm
(22)

where xp denotes the sum of all positive ranked samples. mp and mm represent the number 312

of negative and positive samples, respectively. 313

The Jaccard index, also referred to as the Intersection-Over-Union(IoU) is the widely 314

used metric for evaluating the predictions of segmentation models. IoU is defined by the 315

area of overlap between the predicted segmented image and the reference image(ground 316

truth) divided by the union area of the segmented image and the reference image. The IoU 317

is defined in Equation 23. 318

IoU =
TP

TP + FP + FN
(23)

where TP denotes true positive, TN represents true negative, FN represents false nagative 319

and FP denotes false positive. Accuracy determines the efficiency of the model by consider- 320

ing the total correct predictions made by the segmentation method. Accuracy is expressed 321

in Equation 24. 322

Accuracy =
TP + TN

TP + TN + FP + FN
(24)

The root-mean-square error RMSE is the square root of the mean square of all errors. Be- 323

cause it is scale-dependent, RMSE is a good measure of accuracy for comparing forecasting 324

errors of different models or model configurations for a specific variable but not between 325

variables. It is calculated in Equation 25. 326

RMSE =

√
1
n
∗

n

∑
i=1

(Oi − Pi)2 (25)
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where Oi are the actual values and Pi are the predicted value Recall also referred to as 327

sensitivity is a measure of instances predicted as positive against all actual positive values. 328

This metric returns the fraction of positive patterns that are correctly classified. Recall 329

metric is computed by equation 26 330

Recall =
TP

TP + FN
(26)

Precision returns the proportion or fraction of positive identification (true positives) that 331

were correct. Precision is expressed in equation 27. 332

Precision =
TP

TP + FP
(27)

F1- Score is the harmonic average between precision and recall rates. This metric is 333

expressed in equation 28 334

F1− Score = 2x
PrecisionxRecall

Precision + Recall
(28)

6. Materials and methods 335

6.1. Data set 336

The aerial image used for the study was obtained from Land Cover Classification 337

Truck in the DeepGlobe Challenge data set [36]. The associated reference image in the 338

data set is binary in nature, it only shows forest regions areas and non-forest regions areas. 339

Figure 2 shows an original image and its corresponding labeled mask from the dataset. The 340

experiment was conducted on the Google Colab environment which provides free GPU 341

and TPU cloud resources. In particular, the experiment used GPU with the acceleration of 342

NVIDIA Tesla due to the high computational requirements of the experiment.

Figure 2. The right panel shows the extracted RGB patches and the left panel shows its corresponding
masks.

343

6.2. The proposed Model 344

The study proposes an aerial forest image segmentation model that uses a hybrid 345

approach of ResNet50 and VGG16 deep learning models to generate a set of features for 346

the machine learning algorithms to perform the segmentation process. This study chose 347

these two pre-existing models due to their innately dissimilar architecture that abstracts 348

unrelated information from images used for object detection purposes [37]. The hybrid 349

approach helps in expanding the feature vector scope. A single feature selection method 350

only chooses the best subset of features from the training dataset. As a result, the end 351

feature vector may not be a true reflection of the training dataset and may not be a good 352
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starting point for the next step, which is to segment the image. When different methods’ 353

results are put together, the result may be more accurate. Features produced by the hybrid 354

approach of deep learning models were applied to various traditional machine learning 355

techniques such as K Nearest neighbor, Random Forest, Linear Discriminant Analysis, 356

Gaussian Naive Bayes, and Linear Support Vector Machines to evaluate their segmenting 357

power on aerial satellite forest test image. The general framework of the model is shown in 358

Figure 3. 359

Figure 3. Segmentation framework model with all traditional machine learning classifiers

6.2.1. Feature Generation 360

The VGG16 and ResNet50 deep-learning models were used to generate a set of features 361

which were in turn used to segment an aerial forest image. VGG16 managed to produce 128 362

features (Figure 4) and ResNet50 managed to produce 64 features (Figure 5). The output 363

features from both models were concatenated together to produce the final feature vector 364

with 192 features (Figure 6).

Figure 4. set of features produced by VGG16 model
365
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Figure 5. set of features produced by ResNet50 model

Figure 6. composite set of features produced by VGG16 and ResNet50

6.2.2. Segmentation process by machine learning classifiers 366

Combined features obtained from the hybridized approach of VGG16 and ResNet50 367

models are set as a dependent variable in the data frame. The pixel values obtained from 368

the ground truth image are also set as an independent variable in the data frame. As 369

presented in Algorithm 1, X is a vector that contains all the features extracted by VGG16 370

and ResNet50. These sets of features are set as independent variables. Variable M contains 371

ground truth image pixel values which in turn are set as dependent variables. These two 372

sets are split into a train set and a test set and the machine learning classifier is adopted to 373

predict the segmented image. 374

7. Results and Discussion 375

As explained in the proposed model, the set of features generated by a hybrid approach 376

of VGG16 and ResNet50 models is provided as an input to various machine learning 377

classifiers. The goal is to determine the type of classifier that produces a satisfactory result. 378

In the following subsections, the performance of these models was evaluated in terms of 379

F1-score, precision, and recall for detecting forest areas and non-forest areas. 380
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Algorithm 1 An algorithm for machine learning classifier segmentation

1: Input : P(y): Ground−truth−pixel− values
2: Input : P(x): Independent−variables−pixel−values
3: for P(x) = 0 do ▷ All features generated must match how features are generated for

training
4: f eature1← VGG16
5: f eature2← ResNet50
6: f eature3← ground−truth−pixel−values
7: end for
8: X ← ∑2

1 f eature(x) ▷ Features are added to the data frame
9: M← f eature3 ▷ M denotes an independent variable

10: X ⊥⊥M
11: Input : Data: Train−set ▷ New Train Set from the extracted feature now to be loaded to

classifier
12: Data = train + test ▷ Test data for accuracy testing
13: model = MachinelearningClassifier()
14: model.fit(X−train, M−train)
15: prediction−test = model.predict(X−test)
16: loaded−model = pickle.load(open(filename, ’rb’)) ▷ Applying trained model to

segment other images
17: Return segmented−image

7.1. Evaluation of machine learning models in detecting forest region areas 381

Table 1 presents the performance of each machine learning classifier in detecting forest 382

regions in terms of F1 score, precision, and recall. The Random Forest algorithm attained 383

the highest precision of 0.94, followed by LinearSVM, LDA, GNB, and kNN with precision 384

scores of 0.92, 0.88, 0.86, and 0.82. On the other hand, GNB, obtained the highest recall 385

of 0.98, outperforming the other machine-learning classifiers. Again, the RF algorithm 386

recorded the highest f1-score compared to the other algorithms.

Table 1. Metrics of classifiers in terms of precision, recall, and F1-Score with a hybrid approach of
deep learning for detecting forest areas.

Metric kNN RF LDA LinearSVM GNB
Precision 0.82 0.94 0.88 0.92 0.86
Recall 0.95 0.96 0.95 0.95 0.98
F1-Score score 0.88 0.94 0.88 0.91 0.88

387

7.2. Evaluation of machine learning models in detecting non-forest region areas 388

Table 2 presents the performance of each machine learning classifier in detecting 389

non-forest regions using the same metrics of F1 score, precision, and recall. The Linear 390

Discriminant Analysis technique attained the highest precision of 0.94, followed by RF, 391

LinearSVM, LDA, and kNN with precision scores of 0.93, 0.90, 0.88, and 0.87. On the other 392

hand, RF, obtained the highest recall of 0.89, outperforming the other machine-learning 393

classifiers. Again, the RF algorithm recorded the highest f1-score compared to the other 394

algorithms. 395

Table 2. Metrics of classifiers in terms of precision, recall, and F1-Score with a hybrid approach of
deep learning for detecting non-forest areas.

Metric kNN RF LDA LinearSVM GNB
Precision 0.87 0.93 0.88 0.90 0.94
Recall 0.61 0.89 0.75 0.84 0.69
F1-Score score 0.72 0.91 0.81 0.87 0.79
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7.3. Evaluation of machine learning models in segmenting aerial satellite forest image. 396

The power of segmenting an aerial forest image for each machine learning was eval- 397

uated in terms of RMSE, accuracy, and Jaccard score. As presented in Table 3, the model 398

based on RF outperformed other machine learning segmentation techniques such as Gaus- 399

sian Naive Bayes (GNB), k Nearest Neighbor (kNN), Linear discriminant analysis (LDA), 400

and Linear Support Vector Machine (LinearSVM) in terms of accuracy, Jaccard score index, 401

and RMSE. In terms of errors, the RF-based model recorded the lowest RMSE of 0.245, and 402

this implies that its predictions are much closer to the actual values than those of other 403

models. Again, the RF-based model also achieved the highest IOU of 0.913, indicating a 404

minimum overlap between the target mask and the predicted output, and also the same 405

technique had the highest accuracy of 0.94 implying that most pixels were classified into 406

their true regions. Figure 7 shows segmented images of the test image with respect to all 407

the classifiers used in a hybrid deep learning approach.

Table 3. Metrics of classifiers in terms of accuracy, RMSE, and Jaccard score with a hybrid approach
of deep learning in segmenting aerial satellite forest image.

Metric kNN RF LDA LinearSVM GNB
RMSE 0.408 0.245 0.351 0.332 0.353
Accuracy 0.833 0.940 0.877 0.890 0.876
Jaccard score 0.790 0.913 0.834 0.876 0.837

408

Figure 7. Predicted segmentation results by RF, LDA, GNB, kNN, and LinearSVM with the ensembled
approach

Figure 8 presents the confusion matrix of all the classifiers in response to the features 409

obtained from the hybrid approach of deep learning models. The Gaussian Naive Bayes 410

confusion managed to classify 8375 of the 8589 pixels in class 1, while 214 were misclassified 411

as belonging to class 0. Only 1418 pixels were misclassified as class 1 out of 4519 pixels 412
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Figure 8. Confusion matrix results for RF, LinearSVM, LDA, GNB, and kNN

classified as class 0. The model misclassified 1632 pixels in total. The Random Forest- 413

based model recorded the best performance in relation to the other 4 models. The model 414

recorded the least pixel misclassification compared to the other models as it misclassified 415
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only 787 pixels. Linear Support Vector Machine confusion matrix indicates that, out of 8589 416

pixels that belong to class 1, 8123 were correctly classified and 466 were misclassified as 417

belonging to class 0. For 4519 pixels under class 0, 3374 were correctly classified and 1145 418

were misclassified as class 1. In total, the model misclassified 1611 pixels. The LDA model 419

correctly classified 11497 pixels and wrongly classify 1611 pixels to other classes. The model 420

based on kNN performed the least of all the other algorithms as it misclassified most pixels 421

into other classes. The ROC− AUC curves in Figure 9 show that all the classifiers have 422

excellent potential to distinguish regions in an image as indicated by their values that are 423

above 0.9. The model based on Random Forest emerged as the best model at distinguishing 424

image objects as it attained the highest ROC− AUC value of 0.98. 425

Figure 9. ROC curves for RF, GNB, LDA, LinearSVM, and kNN

7.4. Evaluation of the performance of the classifiers without the hybrid deep learning approach in 426

detecting forest areas 427

Table 4 shows the performance of the machine learning classifiers without the hybrid 428

deep learning approaches in detecting forest region areas in terms of precision, recall, and 429

F1 score. The RF, LDA, LinearSVM, and GNB obtained the same precision score of 0.65 430

with kNN obtaining a slightly low score of 0.64. Again RF, LDA, LinearSVM attained 431

an absolute recall value of 1.0 with kNN performing the least with a recall value of 0.56. 432

Regarding F1-score, kNN performed the least by obtaining an F1 score of 0.49. 433
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Table 4. Metrics of classifiers in terms of precision, recall, and F1-Score without the deep learning
hybrid approach in detecting forest areas.

Metric kNN RF LDA LinearSVM GNB
Precision 0.64 0.65 0.65 0.65 0.65
Recall 0.49 1.00 1.00 1.00 0.98
F1-Score score 0.56 0.78 0.78 0.78 0.78

7.5. Evaluation of the performance of the classifiers without the hybrid deep learning approach in 434

detecting non-forest areas 435

Table 5 also shows the performance of the machine learning classifiers without the 436

hybrid deep learning approach in detecting non-forest regions. The RF algorithm had the 437

best precision score of 0.50, while LDA and LinearSVM had the lowest performance with 438

precision values of 0. The kNN approach had the maximum recall value of 0.50, whereas 439

LinearSVM and LDA had the lowest recall values of 0. In terms of F1 score, the kNN 440

machine learning technique outperformed all other classifiers once more, with a value of 441

0.41

Table 5. Metrics of classifiers in terms of precision, recall, and F1-Score without the deep learning
hybrid approach in detecting non-forest areas.

Metric kNN RF LDA LinearSVM GNB
Precision 0.35 0.50 0.00 0.00 0.44
Recall 0.50 0.01 0.00 0.00 0.03
F1-Score score 0.41 0.01 0.00 0.00 0.05

442

7.6. Evaluation of machine learning models without the hybrid deep learning approach in 443

segmenting aerial satellite forest image. 444

To further evaluate the performance of the five models, we computed the RMSE, 445

Accuracy, and Jaccard score index for each classifier. Table 6 presents the RMSE, Accuracy, 446

and Jaccard score for each classifier. It is shown in Table 6 that the accuracy and Jaccard 447

score of RF, GNB, LDA, and LinearSVM comparatively obtained the same value of around 448

0.65 which indicates an average performance. The kNN model recorded the highest error of 449

0.71 in terms of RMSE and overall performed the worst against all other classifiers. Figure 450

10 shows segmented images of the test image produced by all the classifiers without the 451

deep learning approach.

Table 6. Metrics of classifiers in terms of accuracy, RMSE, and Jaccard score without the hybrid
approach of deep learning in segmenting aerial satellite forest image.

Metric kNN RF LDA LinearSVM GNB
RMSE 0.711 0.595 0.595 0.595 0.598
Accuracy 0.495 0.646 0.646 0.645 0.643
Jaccard score 0.386 0.645 0.646 0.646 0.639

452

The ROC−AUC values obtained in Figure 12 indicate that LinearSVM, LDA, GNB, and 453

RF cannot adequately distinguish between image regions because the obtained ROC−AUC 454

values lie in between 0.5 to 0.7. A ROC−AUC value range between 0.5 to 0.7 means that the 455

model cannot adequately distinguish between image regions range between 0.7 to 0.8 its 456

acceptable discrimination, 0.8 to 0.9 offers good discrimination and values that are greater 457

than 0.9 have excellent discrimination [38]. kNN model alone is recommended to be used 458

in object detection as it obtained a value that is less than 0.5. 459

Table 7 shows a comparison in performance between the machine learning classifiers 460

with the hybrid deep learning approach and the classifiers alone in terms of accuracy, 461

RMSE, and Jaccard index score. The classifiers alone were completely outclassed by those 462
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Figure 10. segmentation of test image with respect to RF, LinearSVM, LDA, GNB, and kNN without
the deep learning

Table 7. Performance of the classifiers with the hybrid deep learning approach vs classifiers alone in
terms of RMSE, Accuracy, and Jaccard score index

Classifiers with hybrid deep learning approach Classifiers Alone
Metric RF LinearSVM LDA GNB kNN RF LinearSVM LDA GNB kNN
Accuracy 0.940 0.890 0.877 0.876 0.833 0.646 0.646 0.646 0.643 0.49
Jaccard Score 0.913 0.876 0.834 0.837 0.790 0.645 0.646 0.646 0.639 0.386
RMSE 0.245 0.332 0.351 0.535 0.408 0.595 0.594 0.595 0.600 0.711

with the hybrid deep learning approach in terms of all the metrics. This is attributed to the 463

fact that the classifiers alone do not have the capacity to extract features such as spatial 464

relationships between pixel and texture. Therefore classifiers should be used in a pipelined 465

fashion where they perform the process of segmentation after receiving features from other 466

models. This is the reason why the classifiers used in conjunction with deep learning 467

hybrid approaches produced satisfactory results. In the hybridization approach, the RF 468

algorithm emerged as the winner in performing the segmentation task. These results also 469

go in glove with results obtained by [39] where the Random Forest approach outperformed 470

other algorithms such as Gentle AdaBoost (GAB), Maximum Likelihood Classification 471

(MLC), and Support Vector Machines (SVM) in a pipelined approach fashion. Another 472

study by [40] demonstrated that the RF algorithm performs well in object detection for 473

multi-spectral images. 474

It is important to evaluate segmentation algorithms to determine algorithms suitable 475

for a given application. Algorithm performance is dependent on the type of images 476

used. Images are generally classified into, synthetic, remote sensing, medical and natural 477

images. A particular algorithm might be better in remote sensing images but poor in 478

medical images. In light of the evaluation of the algorithms, the Random Forest algorithm 479

outperformed Linear Discriminant Analysis, Gaussian Naive Bayes, and Support vector 480
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Figure 11. Confusion matrix results for RF, LinearSVM, LDA, GNB, and kNN without the deep
learning

machines algorithms in terms of accuracy, Jaccard score, and ROC curves. As presented 481

in Table 8 the proposed model in this study outperformed other models from related 482
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Figure 12. ROC Curve results for RF, LinearSVM, LDA, GNB, and kNN without the deep learning

Table 8. Accuracy and IOU obtained from other studies

Method Accuracy IOU
Unet with spatial pyramid spooling [41] 86.71 75.59
Hnet with Inception as backbone [42] 68 83
SemisFsNet [43] - 80
Unet for forest segmentation [44] 82.55 54
Unet for forest segmentation [44] 82.95 60
improved tuna swarm optimization (ITSO) [43] - 59
Unet semantic segmentation [45] 99 97
Random Forest 94 91

studies [41][46][44][42] [43][47]. However, the Unet semantic segmentation in [45] for 483

Forest Change Detection in South Korea Using Airborne Imagery outperformed our model 484

with 99% accuracy and 97% IOU. The reason could be attributed to the ability of Unet to 485

extract more features required to perform subsequent segmentation. 486
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8. Conclusion 487

This paper adopts a hybridized approach of deep learning models and traditional 488

machine learning classifiers used to identify forest and non-forest areas from an aerial 489

satellite image obtained from the Deep Globe challenge dataset. A deep learning hybrid 490

approach of VGG16 and ResNet50 was used to extract a set of features that were subse- 491

quently used by machine learning classifiers to segment an aerial satellite image into the 492

forest and non-forest areas. Metrics such as IoU, accuracy, RMSE, and ROC−AUC curves 493

were used to assess the performance of the models. The model based on RF emerged as 494

the winner as it achieved an accuracy of 94% and an IoU of 91%. The high efficacy of 495

the model implies that the model can be used to detect smoke, veld fires, and perform 496

water segmentation. The ensemble edge vector approach contributed to the high efficacy 497

of the model. For future work, it is recommended to include more classes and to adopt 498

high-resolution networks (HRnets) as an alternative to VGG16 and ResNet50 because of 499

their ability to perform low-resolution to high-resolution conversion, which is also linked 500

to their block network architectures constructed according to new standards, and therefore 501

excels at vision tasks such as feature extraction and object detection. 502
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3.2.2 Conclusion

This study employs a hybrid methodology that combines deep learning models with conventional

machine learning classifiersfor the purpose of identifying forested and non-forested regions within an

aerial satellite image sourced from the Deep Globe challenge dataset. The researchers employed a

combined methodology involving VGG16 and ResNet50 deep learning models to extract a

comprehensive set of features. These features were then utilised by machine learning classifiers to

effectively segment an aerial satellite image into distinct forest and non-forest regions. The

performance of the models was evaluated using metrics such as Intersection over Union (IoU),

accuracy, Root Mean Square Error (RMSE), and Receiver Operating Characteristic - Area Under the

Curve (ROC-AUC) curves. The model utilising Random Forest (RF) emerged as the superior

performer, attaining an accuracy rate of 94%, Intersection over Union (IoU) score of 91%, Root

Mean Square (RMSE) value of 0.245, and ROC−AUC value of 0.98. The model’s great efficacy

suggests its potential for detecting smoke, veld fires, and conducting water segmentation.
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4 Classification of Satellite Forest Images

This Chapter presents published works in the classification of forest images into their respective

categories.

4.1 Forest Image Classification based on Deep learning and XGBoost Algorithm

4.1.1 Introduction

This paper looked at the classification approach suitable for solving forest classification problems.

The aim of the paper is to design a hybrid model that harmonizes both deep learning and machine

learning approaches with the goal of increasing forest image classification accuracy. The model was

optimized to improve its performance.
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Abstract. Deep learning and machine learning methods have been
recently used in forest classification problems, and have shown significant
improvement in terms of efficacy. However, as attributed from the liter-
ature, they have the challenge of having insufficient model variance and
restricted generalization capabilities. The goal of this study is to improve
the accuracy of forest image classification through the development of a
hybrid model that incorporates both deep learning and machine learn-
ing techniques. This study has proposed an ensemble approach of the
Deep Learning technique (ResNet50 in particular), and machine learn-
ing model (specifically XGBoost) to increase the prediction capability
of classifying satellite forest images. The sole purpose of ResNet50 is to
generate a set of features that will in turn be used by the XGBoost algo-
rithm to perform the classification process. The XGBoost algorithm was
compared against a fully connected ResNet50 model and other classifiers
such as random forest (RF) and light gradient boost machine (LGBM).
The best classification results were obtained from XGBoost (0.77), fol-
lowed by RF (0.74), LGBM (0.73), and ResNet50 (0.59).

Keywords: Machine learning · feature extraction · Convolutional
Neural Networks · Image Processing

1 Introduction

Forests remain a key natural resource for both developing and developed coun-
tries as their wood and forestry products contribute significantly towards a coun-
try’s Gross National Product (GDP). Both satellite and aerial images play a
pivotal role when it comes to monitoring and evaluation of forests and other
vegetation. Such images have made huge significant progress in solving remote
sensing science classification problems. Data obtained from features such as spec-
tral, radiometric, and spatial is usually used to perform the forest classification
process [1]. Image classification refers to the process of labeling each image into
its corresponding category or class [2]. Image segmentation is centered on pixel
level classification, whereas image classification involves classifying the entire
object into one of the given classes. In general, the majority of classification
methods employ the technique of assessing and evaluating the image’s content

c© The Author(s), under exclusive license to Springer Nature Switzerland AG 2023
J. Mikyška et al. (Eds.): ICCS 2023, LNCS 14076, pp. 217–229, 2023.
https://doi.org/10.1007/978-3-031-36027-5_16
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and then marshaling pixels into their respective categories. The new instance
is classified based on an already trained data set whose classes are known. In
general, an image is classified into only one of the predefined classes; however, in
some cases, an image can be classified into multiple classes, which are referred to
as multi-label classes [2]. In spite of the existence of many algorithms used in the
classification of vegetation images, there are limited studies that have employed
the ensemble machine learning approach in the classification of satellite forest
images. Therefore, the purpose of this study is to report findings obtained from
an ensemble approach of XGBoost algorithm and ResNet50 technique for the
classification of satellite forest images. The new ensemble classifier approach’s
performance is evaluated against other classifiers such as Random Forest (RF)
and Light Gradient Boost Machine (LGBM) in terms of classification accuracy.
Different classes (bare-land, logged forest, shrubs, woodlands, and degraded for-
est) have been identified, and the ensemble learning approach for satellite forest
image classification has been assessed by estimating image classification accu-
racy for different class labels. The rest of the paper is structured as follows.
Section 2 deals with related work. Section 3 describes the flow of the proposed
study. Section 4 describes the overview of the model architecture. Results and
Discussion are presented in Sect. 5. Section 6 concludes the paper.

2 Related Studies

A study by [3] adopted the Random Forest (RF) algorithm to perform image clas-
sification on multi-spectral images obtained from Ikonos and QuickBoard data
sets. The algorithm’s performance was evaluated against results obtained from
Gentle AdaBoost (GAB), Maximum Likelihood Classification (MLC), and Sup-
port Vector Machine (SVM) algorithms, and RF gave the best result compared
to others. The major issue arising in their study was feature extraction. Fea-
tures were generated using the Random Feature Selection technique. The main
limitation of such a technique is giving equal or similar importance to correlated
features. To solve this problem, the proposed study has adopted ResNet50 deep
learning technique which excels at producing apt and specific features required
to solve image classification problems.

[4] employed a deep learning supervised approach on Unmanned Aerial Vehi-
cle (UAV) satellite images for forest area classification. The deep learning stacked
Auto-encoder showed significant potential with regard to forest area classifica-
tion accuracy. However, the major limitation of the deep learning model is that
it requires high computational facilities as compared to machine learning algo-
rithms. As a way of solving this challenge, this study is designed in such a way
that the image classification process which is the major task that requires high
computational capabilities is performed by the XGBoost machine learning algo-
rithm, while the feature extraction part is performed by the ResNet50.

[5] developed a deep learning model for image classification of VHR (very high
resolution) images obtained using UAV. The study was against the backdrop that
UAV data sets have been found to be very useful for forest feature identification
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attributed to their high spatial resolution. Pre-processed data sets of forests
of Nagli area were used for the study. The deep learning model incorporated
a stacked Auto-encoder to perform image classification. Results showed that
the deep learning technique outperformed other machine learning algorithms in
terms of accuracy. Through Cross Validation the deep learning model achieved
an accuracy 97%. The study’s limitation was that it included all features for
classification rather than only appropriate features, resulting in an overhead
in terms of the model’s time complexity. To address this problem, this study
adopted the ResNet50 model to generate a set of features required for the forest
image classification problem. The learning process of this model is such that the
upper first layers are designed to learn general features and the last lower layers
are designed to learn specific features. The final feature vector obtained from the
ResNet50 model is specifically related to solving a specific classification problem.

When applied to image classification, traditional artificial neural networks,
and machine learning approaches face difficulties in processing massive images for
feature extraction, resulting in low efficiency and classification accuracy [6]. [6]
proposed a deep learning model for image classification with the goal of providing
support for classifying large image datasets. The study discussed various types
of convolutional neural networks and their applications in image processing.
The model was refined by adjusting parameters for feature extraction and by
undergoing a process of noise reduction. This study optimized the proposed
deep learning model in order to improve the model’s classification efficiency
and accuracy. The proposed model outperformed other models such as AleXNet
and LeNet in terms of classification accuracy. Classification accuracy was also
assessed before and after the optimization of the deep learning model. The results
revealed that the optimized model significantly improved image classification
accuracy. However, the model had challenges in classifying dynamic targets in a
complex environment.

Convolutional neural networks adopted under transfer learning usually com-
press high-resolution input images [7]. A downsampling operation like this usu-
ally results in information loss, which affects image classification accuracy. [7]
proposed a CNN model based on wavelets domain inputs to solve this problem.
During the image pre-processing stage, the wave packet transform was used to
extract information from input images. Some subband image channels were cho-
sen as inputs for conventional CNNs with the first several convolutional layers
removed, allowing the networks to learn directly in the wavelet domain. The
model achieved a classification improvement of 2.15% and 10.26%, respectively
on Caltech-256 dataset and Describable Textures Dataset. However, the model
suffered huge problems in terms of training costs due to wavelet transform oper-
ations that were applied to each image generated through the augmentation pro-
cess. To address this issue in the proposed study, output images were obtained
from the third batch normalization layer of the ResNet50 architecture, where an
image would not have been significantly compressed. [8] used an object-based
random forest algorithm to identify eight forest types from freely available remote
sensing images in Wuhan, China. The images were obtained using Sentinel-1A,
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Sentinel-2A, and Landsat 8 sensors. Results obtained indicated that a single sen-
sor cannot obtain satisfactory results. Phenological and topographic information
were used in the hierarchical classification to improve discrimination between dif-
ferent forest types. The final forest-type map was obtained using a hierarchical
strategy and had an overall accuracy of 82.78%. However, the model encountered
the issue of misclassification on types with similar spectral characteristics. This
issue is attributed to the study’s use of only the NDVI as the primary feature
indicator for image classification. This challenge again is addressed in this study
by adopting the ResNet50 model.

3 Proposed Model

The study proposes a hybrid machine learning technique for forest-type image
classification that combines convolutional deep learning, specifically ResNet50,
and traditional machine learning (XGBoost). Convolutional neural networks are
widely used in generating features for solving specific classification problems [9].
Therefore in the same vein, the ResNet50 model was adopted in this study to
generate a set of features for the XGBoost to perform the image classification
task. The XGBoost algorithm was adopted only to perform the image classifi-
cation process task. Traditional machine learning algorithms outperform deep
learning techniques in terms of classification accuracy for a limited data set.
Hence the study adopted the XGBoost (machine learning algorithm) to perform
the classification task. Because the study uses limited forest images, the basic
idea of the model is that CNN produces a feature vector, and then the XGBoost
performs the image classification process. Traditional machine learning algo-
rithms used in image classification include Support Vector Machines (SVM),
decision trees (DT), extreme gradient boost (XGBoost), random forest (RF),
and k-nearest neighbor (KNN). [10] conducted a study to compare the efficacy
and effectiveness of LGBM and XGBoost in remote sensing image classification
to RF, KNN, and SVM. Efficacy levels of XGBoost and LGBM were above 90%,
while the other algorithms had efficacy levels below 90%. It is against this back-
drop that the proposed model has advocated towards XGBoost. The ensemble
model was used to perform multi-label image classification on forest images from
the categories of logged forest, bare land, degraded forest, woodlands, shrubs,
and grassland. The proposed algorithm is shown in Fig. 1. The proposed ensem-
ble learning approach for multi-label image classification has the following key
features.

– ResNet50 is adopted under the transfer learning technique
– ResNet50 is used for feature extraction and XGBoost is used to perform the

classification task.

3.1 Multi-label Image Classification

Multi-label classification is when a test forest image is assigned to a correct
category from a set of categories. Fine-tuning done to the model to enable the
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Fig. 1. Proposed ensemble hybrid algorithm for forest image classification.

classification processes involves converting class label strings to integer discrete
values. Such conversion is made possible by applying the transform LabelEncoder
function adopted from sklearn in Python on the class label vector set. The inverse
transform function was invoked in the prediction phase for visualization purpose.
Figure 2 shows a sample of forest-type image data set that was used in the study.

3.2 Pre-processing

Since there is no publicly available forest image data set [11], different types
of forest images were obtained from the internet. All images were resized to
256 X 256 pixels since the images were of different sizes. Class labels were used
as categorical data in this study, and the label encoder technique was used to
convert non-numeric categorical data to numeric values. The class labels were
transformed into a vector of values 0 through 5. Most machine learning algo-
rithms require labels to numerical integer values. Table 1 represents the labeled
classes. Scaling features in machine learning is one of the most critical steps in
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Fig. 2. Sample of forest type image dataset.

pre-processing of data as most models are sensitive to the magnitude of fea-
tures. Scaling refers to bringing all values to a uniform scale. All images were
scaled by dividing image pixel values by 255 since the images were 8-bit images
such that the scaling was in the range between 0 and 1. Data augmentation
is a process of generating more image data sets from already existing images.
30 images for each category were downloaded from the internet and 90 more
images respectively were generated through the data augmentation process with
settings prescribed in Table 2. The forest image data set was split in a way that
80% was reserved for training and 20% for testing.

Table 1. Labels of forest type images

Value Class

0 bareland

1 degraded forest

2 grassland

3 woodlands

4 logged forest

5 shrubs

4 Overview of the Model Architecture

This section provides a description of algorithms that were harmonized together
to form the proposed hybrid model.
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Table 2. Data Augmentation Properties

Property Value

rotation− range 45

width−shift−range 0.2

height−shift−range 0.2

zoom−range 0.2

horizontal−flip True

fill−mode reflect

4.1 The XGBOOST Algorithm

XGBoost has become predominant in the fraternity of machine learning. It is
highly preferred as an alternative to Light Gradient Boost Machines (LGBMs)
due to its high execution speed and performance. During the CPU’s running
time, the XGBoost algorithm employs a parallel computing technique for subse-
quent tree construction. It uses the ’maxdepth’ criteria, instead of the traditional
stopping criterion first, and the tree pruning process is initiated from a back-
ward direction. Such a technique significantly improves the computational speed
of XGBoost over other LGBM frameworks. Another strength of XGBoost is that
it uses the training loss function to automatically learn the best missing values,
hence it has the ability to handle different sparsity patterns in the data pro-
vided as input efficiently. The XGBoost algorithm uses the following equations
for classification:

x(t) ≈ x(s) + x′(s)(t − a) +
1

2
xn(s)(t − s)2, (1)

ζ �
n∑

i=1

[l(qi, q
t−1) + rixt(ti) +

1

2
six

2
t (mi)] + ω(xt + C), (2)

where C is constant, mi is the input, Ω(x) is the complexity of the tree. ri and
si are defined as follows:

ri = δẑ
(b−1)
i .

∫
(ziẑ

n(b−1)
i , (3)

si = δẑ
(b−1)
i .

∫
(ziẑ

n(b−1)
i , (4)

where zi represents the real value obtained from the training data set. [12] con-
ducted a comparative performance assessment of the XGBoost algorithm, ran-
dom forest, logistic regression, and standard gradient boosting, and the XGBoost
algorithm was found to be most efficient against all other algorithms. It is against
this backdrop that the study has settled for the XGBoost technique.
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4.2 ResNet50 Network Architecture

A CNN composed of 50 layers is referred to as ResNet-50. Such a deep network
with so many layers suffer from network degradation problem. The network is
made up of stalked residual blocks. It performs its function with identity short-
cut connections that jump one or more layers during the training phase using the
residual connections. Intermediate layers have the learning ability to self-adjust
their weights to values closer to zero such that the residual block becomes an
identity function. The residual skip connections in the ResNet50 architecture
helps solves the problem of vanishing gradient experienced in deep neural net-
works. It is against this backdrop that the study has adopted the ResNet50
model in the framework. Due to the limited labeled training data set, the study
sped up the learning process by adopting the ResNet50 under the transfer learn-
ing technique pre-trained on the ImageNet database. ResNet50 architecture is
widely known for producing good features for solving classification problems.
Features are produced in a way that the upper learns lower-level features and
lower layers learn specific features.

5 Metrics for the Study

The multi-class classification evaluation metrics used are accuracy, precision,
recall, F1-score, mean average error, root mean square, and confusion matrix.
Mean Absolute Error is a measure of the difference between the predicted value
and the actual value. It gives an error associated with a predicted image

The root mean square error (RMSE) and the mean absolute error (MAE)are
two widely standard metrics used to assess the performance of a model. MEA
gives an error associated with a predicted image while RMSE as the name sug-
gests gives the mean square of all errors. Considering a set of m observations
x(xi, i = 1, 2, 3...m) and the corresponding model predictions x̂ the MAE and
RMSE are

MAE =
1

m

m∑

i=1

|xi − x̂i| (5)

RMSE =
1

m

√√√√
m∑

i=1

(xi − ˆxi)2 (6)

Precision being closely related to the measure of quality and recall to the
measure of quantity, these two metrics are expressed as follows:

precision =
TP

TP + FP
(7)

recall =
TP

TP + FN
(8)
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where TP is true positives, FP denotes false positives and FP denotes false
negatives. F1-Score calculates the harmonic average between recall and precision
rates and is expressed as follows:

F1 − Score = 2 ∗ precision ∗ recall

precision + recall
(9)

Accuracy is the overall measure of the model performance and it is expressed
as:

accuracy =
TP + TN

TP + TN + FP + FN
(10)

Table 3. Metrics for Random Forest

Label Precision Recall F1-Score

0 0.88 0.54 0.67

1 0.50 0.55 0.52

2 0.67 0.80 0.73

3 0.78 0.70 0.74

4 0.71 0.85 0.77

5 0.83 1.00 0.88

6 Results and Discussion

Discussion and results obtained by the study are presented in this section. Table 3
shows that the RF algorithm returns the highest precision for category 0 and
subsequently followed by category 5, 3, and 4 respectively, and performed poorly
for category 1. Precision is also referred to as the measure of quality. Most of the
images in Category 1 were misclassified into Category 0 and this is most likely
due to image ambiguity between bare land and degraded forests. However, for
recall, category 5 received the most relevant images followed by categories 4, 2,
and 3 respectively. Recall is also referred to as the measure of quantity. F1-score
provides a balance between precision and recall in relation to positive classes. RF
achieved the highest F1-Score for category 5, followed by categories 4, 3, 2, and
1 respectively. Table 4 shows that XGBoost obtained high precision for category
0 with 0.86, i.e. slightly lower than RF. Categories 2, 3, and 4 obtained good
quality results in terms of precision as all the scores are above 0.7. Similar to the
RF algorithm, the XGBoost algorithm obtained poor results for category 1, and
the same reason attributed to poor results in category 1 in RF is also attributed
here. The general performance of XGBoost in terms of recall and F1-score is
generally the same as with RF. Table 5 shows that LGBM performed poorly for
category 1 in terms of precision, recall, and F1- score. That is, the algorithms
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Table 4. Metrics for XGBoost

Label Precision Recall F1-Score

0 0.86 0.69 0.77

1 0.50 0.64 0.56

2 0.82 0.70 0.76

3 0.82 0.70 0.76

4 0.75 0.90 0.82

5 0.79 0.95 0.86

Table 5. Metrics for LGBM

Label Precision Recall F1-Score

0 0.75 0.69 0.72

1 0.33 0.18 0.24

2 0.78 0.70 0.74

3 0.82 0.70 0.76

4 0.63 0.85 0.72

5 0.80 1.00 0.89

failed to distinguish clearly between bare land and degraded forests. For the
remaining categories, the algorithm obtained good promising results because on
average the values obtained were above 70% for all the metrics. The performance
of a fully linked ResNet50 was subpar in comparison to that of other classifiers.
As presented in Table 6, the model performed the poorest in Category 1 as it
registered a zero for all the metrics that were considered.

Table 6. Metrics for ResNet50

Label Precision Recall F1-Score

0 0.37 0.38 0.38

1 0.00 0.00 0.00

2 0.44 0.60 0.51

3 0.75 0.75 0.75

4 0.76 0.65 0.70

5 0.76 0.95 0.84

Accuracy, MAE, and RSME are the most commonly used metrics to evaluate
the performance of the model. The hybrid model with XGBoost outperformed
the other algorithms in terms of Accuracy, MAE, and RMSE, which obtained
values of 0.77, 0.56, and 1.30, respectively as presented in Table 7. Our pro-
posed model’s accuracy outperformed the model proposed by [13]. The model
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Table 7. Metrics for Classifiers

Classifier MAE RMSE Accuracy

Random Forest 0.63 1.86 0.74

XGBoost 0.56 1.30 0.77

LGBM 0.67 0.40 0.73

ResNet50 0.97 1.68 0.59

Fig. 3. Confusion Matrix results obtained from RF, XGBoost, LGBM, and ResNet50.

used CNN and Multitemporal High-Resolution Remote Sensing Images to clas-
sify individual Tree Species and it obtained an overall accuracy of 75.1% for
seven tree species using only the WorldView-3 image data set. The classification
accuracy of our proposed model also performed better compared to the results
obtained by [3]. Their study achieved a classification accuracy of 68% for classi-
fying multispectral images using Support Vector Machine (SVM). However, the
ResNet50 deep learning model proposed by [11] for classifying forest image data
set outperformed our model as it achieved an accuracy of 92% for classifying
forest images belonging to 3 categories. Such high accuracy could be attributed
to the fact that the model was applied on only 3 categories whilst our model
was applied to 6 different categories. The performance of a classification algo-
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rithm is reflected in a two-dimensional table called the confusion matrix. It is
important for summarizing and visualizing a classification algorithm’s results.
The confusion matrix results as presented in Fig. 3 show that there was high mis-
classification for category 1 by all the algorithms, with the worst performance
by ResNet50. Apart from Category 1, the performance of LGBM and XGBoost
in the other categories is generally the same.

7 Conclusion

An ensemble learning approach of ResNet50 and XGBoost was developed to
classify forest images into their respective categories. ReNet50 adopted under the
transfer learning technique was used as a feature generator, while the XGBoost
algorithm was used to perform the forest image classification process. The model
was evaluated against a fully connected ResNet50 and other baseline classifiers
such as LGBM and Random Forest. The proposed ensemble learning technique
achieved a classification accuracy of 77%. Therefore the proposed model in this
study can be used to classify forest images since it recorded high classification
accuracy and low RMSE and MAE values as compared to other classifiers. For
future studies, it is recommended to incorporate an ensemble stack of CNNs for
generating plausible features for subsequent image classification. This approach
would significantly increase the scope of features required to perform the image
classification process.
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4.1.2 Conclusion

A model developed as a result of integrating ResNet50 and XGBoost algorithm managed to classify

forest images into the respective categories, as it achieved a classification accuracy of 77%. ResNet50

model was used as a feature generator, while XGBoost was used to perform the classification process.

In order to enhance future research, it was advisable to include an ensemble stack of Convolutional

Neural Networks (CNNs) to provide credible features that may be utilized for further forest image

categorization. The adoption of this strategy would lead to a notable expansion in the range of features

that are necessary for performing forest image classification.

4.2 Ontology with Deep Learning for Forest Image Classification

4.2.1 Introduction

This paper describes the state-of-the-art model that incorporates ontologies and deep neural networks

for the purpose of classifying forest images. The use of ontologies is against the backdrop that most

forest image classification approaches neglect the concept of semantics whilst forest image categories

treated as independent have a strong semantic overlap. An ensemble approach of Xception, ResNet50,

and VGG16 is used to produce a set of features for the classifiers trained through ontology to perform

the image classification process.
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Abstract: Most existing approaches to image classification neglect the concept of semantics, resulting
in two major shortcomings. Firstly, categories are treated as independent even when they have a
strong semantic overlap. Secondly, the features used to classify images into different categories can
be the same. It has been demonstrated that the integration of ontologies and semantic relationships
greatly improves image classification accuracy. In this study, a hybrid ontological bagging algorithm
and an ensemble technique of convolutional neural network (CNN) models have been developed to
improve forest image classification accuracy. The ontological bagging approach learns discriminative
weak attributes over multiple learning instances, and the bagging concept is adopted to minimize
the error propagation of the classifiers. An ensemble of ResNet50, VGG16, and Xception models is
used to generate a set of features for the classifiers trained through an ontology to perform the image
classification process. To the authors’ best knowledge, there are no publicly available datasets for
forest-type images; hence, the images used in this study were obtained from the internet. Obtained
images were put into eight categories, namely: orchards, bare land, grassland, woodland, sea,
buildings, shrubs, and logged forest. Each category comprised 100 images for training and 19 images
for testing; thus, in total, the dataset contained 800 images for training and 152 images for testing. Our
ensemble deep learning approach with an ontology model was successfully used to classify forest
images into their respective categories. The classification was based on the semantic relationship
between image categories. The experimental results show that our proposed model with ontology
outperformed other baseline classifiers without ontology with 96% accuracy and the lowest root-
mean-square error (RMSE) of 0.532 compared to 88.8%, 86.2%, 81.6%, 64.5%, and 63.8% accuracy
and 1.048, 1.094, 1.530, 1.678, and 2.090 RMSE for support-vector machines, random forest, k-nearest
neighbours, Gaussian naive Bayes, and decision trees, respectively.

Keywords: ontology; feature extraction; convolutional neural networks; image classification

1. Introduction

The majority of classification algorithms treat classes or categories of images inde-
pendently both in terms of visual and semantic aspects [1]. In contrast, human beings
use semantic relationships when classifying images into their respective categories [2].
For instance, it might seem unreasonable to distinguish “tree” from “vegetation” since
a “tree” is a kind of “vegetation”. Generally, human beings use features to distinguish
different kinds of objects. For example, the NDVI (normalized difference vegetation index)
is an essential feature for distinguishing between vegetation and water, while shapes can
discriminate between broad-shaped leaves and needle-shaped leaves. Most classification
algorithms achieved better performance results on easy image classification datasets such
as Caltech 256 [3] and Caltech 101 [4]; however, they neglected the concept of semantics [5],
which led to poor results on fine-grained images [6]. An ontology is a hierarchical structure
of a particular domain that consists of all classes or categories as well as relationships such
as “is-a” and “kind-of”. It captures semantic relationships between classes or categories in
a manner that is close to human perception.
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The adoption of ontologies in image classification algorithms incorporates semantics
tools, thus leading to increases in image classification accuracy. Traditional ontology-based
algorithms hugely suffer from the problem of error propagation because these ontology
classifications are based on having classifiers at every ontological node, such that node
subcategories are discriminated. Such errors were caused by intra-class variations of super-
categories. The previous uses of ontologies in classification focused on improving speed
rather than accuracy. Ontologies revolve around the use of semantic relationships, and
data are expressed more at the semantic level, thus accounting for better classification.
This study proposes an image classification model based on ontology and an ensemble
stack of the Xception, VGG16, and ResNet50 models, which are employed to generate a
set of features that are used by merged classifiers driven by taxonomic relationships in an
ontology to improve image classification accuracy. The three pre-existing models, Xception,
VGG-16, and ResNet50, have been adopted in this study via transfer learning because
they have an innately dissimilar architecture that abstracts unrelated information from the
images used for the classification purposes [7]. Some potential applications of ontological
bagging in forestry include species classification. Information relating to forest tree species
plays a critical role in ecology and forest management [8]. Our proposed ontological
bagging model can be employed to improve the accuracy of species classification in forestry.
Vegetation is an important part of an ecosystem because it provides oxygen and a suitable
place for human beings to live [9]. Therefore, information concerning vegetation is very
critical; hence, our proposed model can be used to classify vegetation into different types
and categories. Our model can also be used to classify fruits into their respective categories.
Fruit classification plays an important role in many industrial applications, including
supermarkets and factories. The importance of fruit classification can be seen in people
with special dietary requirements; in this case, they can be assisted in selecting categories
of fruits [10]. The contribution of the study is summarised as follows:

• We integrate semantic ontologies and aggregate outputs from hypernym–hyponym
classifiers to increase image category distinction and also eliminate error propagation
problems, hence increasing image classification accuracy.

• We propose a new approach to image classification that uses an ensemble of Xception,
ResNet50, and VGG16, whereby features obtained from Xception, ResNet50, and
VGG16 are integrated together to produce all possible features, which are, in turn,
used by an ontological bagging algorithm for subsequent classification.

The rest of the paper is structured as follows. Section 2 discusses related work.
Section 3 discusses the dataset used for the study. Section 4 describes the deep learning
architectures. Section 5 describes the ontological bagging algorithm used in the study.
Section 6 describes the proposed algorithm. Section 7 outlines the experimental setup.
Section 8 describes the experimental results. Section 9 discusses the results obtained from
the experiment. Section 10 concludes the paper.

2. Related Works

Image classification has received much attention in the fields of computer vision and
image processing [11–16]. A study [11] developed a model that harmonized ontology
and HMAX features to perform image classification using merged classifiers. The basic
idea behind the model was to exploit ontological relationships that exist between image
classes or categories. For better discrimination between classes, the procedure involved
training visual feature classifiers and merging outputs of hypernym–hyponym classifiers.
The model included three components: (1) feature extraction, (2) ontology building, and
(3) image classification. The visual features were obtained from the training dataset, and
ontology building was carried out by mainly following the process of concept extraction
and relationship generation. Visual features extracted from the training set and the ontology
were used to perform image classification using a linear orange support-vector machine
(SVM) classifier. In terms of accuracy, the model achieved an accuracy of 0.63, while the
baseline method without ontology obtained an accuracy of 0.59. However, as coined by [12],
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HMAX does not perform very well in terms of feature extraction over a limited dataset. To
circumvent this shortcoming, the proposed model in this study has adopted an ensemble
of CNNs to generate features for subsequent image classification.

Another study [1] proposed an ontological random forest algorithm for forest image
classification. The algorithm’s basic idea was that the semantic relationships between
categories determined the splitting of the decision tree. Multiple-instance learning was used
to provide a learning platform for generating hierarchical features that were then used to
capture visual dissimilarities at various concept levels. Semantic splitting was used to build
decision trees, and semantic relationships were used to learn hierarchical weak features.
The experimental results showed that the approach not only outperformed state-of-the-art
approaches but was also capable of identifying semantic features at different concept levels.
The drawback of this study was that feature generation was hugely dependent on weak
attribute learning. To solve this problem, the proposed study used an ensemble deep
learning approach to generate all plausible features for subsequent image classification.

An algorithm that automatically builds image classification trees was proposed in [17].
A set of categories was recursively divided into two minimally confused subsets and
achieved 5–20-fold speedups over other methods. Other authors [18] used lexical seman-
tic networks to integrate knowledge about inter-category relationships into the learning
process of visual appearance. A semantic hierarchy of discriminative classifiers was used
for object detection. The challenge encountered was that object recognition was marred
by the fact that the algorithm did not support weak attribute reasoning. To overcome this
challenge, the proposed study incorporated the bagging algorithm because it has the ability
to learn weak attributes.

A new formalism that incorporated hierarchy and exclusion (HEX) graphs to perform
object classification by exploiting the rich structure of real-world labels was introduced [19].
The new formalism has the ability to capture semantic relationships between any two labels
on the same object. Results obtained from the model showed an improvement in object
classification as a result of exploiting label relationships. However, the major limitation
of the approach is that it is too general in nature and is only limited to domains with
hierarchical and exclusion relationships.

A study [20] developed a deep learning model for multiple-instance learning (MIL)
frameworks, whose goal was to perform vision tasks such as classification and image
annotation. In the model, each image object uses two instance sets of object proposals and
text annotations to perform vision tasks. The main merit of the model is its ability to learn
relationships between objects and annotation proposals. The study contributed extensively
to solving computer vision tasks, and it performed well both in image classification and
image auto-annotation. However, the shortcomings of the model were that it required fine
tuning on the orange dataset, which is time-consuming.

A unified CNN-RNN model for multi-class image classification was proposed in [21].
The classification process consisted of learning semantic redundancy and the co-occurrence
dependency in an end-to-end way. The model has the ability to obtain semantic level
dependency and image label relevance by learning the joint image label embedding. The
model could also be trained from scratch to integrate both pieces of information in a unified
framework. The results obtained show better performance in terms of classification than
the state-of-the-art multi-label classification model.The shortcomings of the model were
that it fails to make a prediction on small objects that have little covariance dependencies
with other, larger objects.

Considering that microscopic imaging technology is rapidly advancing, bio-image-
based approaches to protein subcellular localization have sparked a lot of interest. However,
there are fewer techniques for predicting protein location, with the majority of them relying
on automatic single-label classification. Therefore, a study [22] developed an artificial
intelligence (AI)-based stacked ensemble approach for the prediction of protein subcellular
localization in confocal microscopy images. The ensemble approach was built by stacking
ResNet152, DenseNet169, and VGG16 as base learners, and their predictions were inte-
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grated and fed as input to the meta-learner. The model was implemented on an image
dataset obtained from Human Protein Atlas Image Classification on Kaggle and attained
precision, F1-score, and recall of 0.71, 0.72, and 0.70, respectively. The main difficulty
encountered in the study was a huge imbalance of images in the image categories, as some
classes had very few images, which were insufficient to train the model. In our study, we
used a data augmentation technique to determine image balance across categories. The
evolution of AI applications has significantly increased the utilization of smart imaging
devices. Convolutional neural networks (CNNs) are widely used in image classification
because they do not require any handcrafted features to influence performance. However,
fruit classification in the horticulture field suffers from the significant disadvantage of
requiring an expert with extensive knowledge and experience. To address this issue, a
study [23] developed MobileNetV2 with a deep learning technique for fruit image classifi-
cation. The study did not require the intervention of experts. The model used 26,149 images
of 40 different fruit types from a Kaggle public dataset and achieved 99% accuracy. The
model could be improved using a larger variety of fruits for broader fruit classification.

The idea of annotating images has received a significant amount of attention due
to the sharp increase in volumes of images. By considering the area of agriculture, a
study [24] proposed a deep learning repetitive annotation approach for recognizing a
variety of fruits and classifying the ripeness of oil palm fruit. The model was implemented
on 3500 fruit images and achieved an accuracy of 98.7% for classifying oil palm fruit
and 99.5% for recognizing a variety of fruits. CNNs are also used in agriculture for seed
classification, despite the inherent limitations of traditional machine-learning approaches in
extracting features and information from image data. Ref. [25] created a deep CNN based
on MobileNetV2 with a simple architecture for seed classification. The model was applied
to a seed dataset with 14 different seed classes and achieved an accuracy of 95% and 98% on
testing and training, respectively. However, future research will need to compare various
CNN architectures to determine the best model for solving the problem at hand.

Recent trends have shown that image collection has significantly increased, thereby
activating further research in image classification and annotation. A technique based
on bag of visual words (BoVW), which relies on ontology, has been widely used in this
area. However, problems relating to ambiguities between image categories have posed
challenges with regard to image classification and annotation. A study in [26] proposed a
hierarchical max pooling (HMAX) model based on ontology to classify images of animals
into their respective categories. The contribution of their model was the exploitation of
semantic relationships between image categories as a way of eliminating the problem of
ambiguity between image categories. The model performed well as it achieved an accuracy
of 80%. However, HMAX is not a desirable technique for producing features; hence, our
study has used an ensemble of CNNs for feature production.

CNNs have been widely employed to solve image classification problems, attributed
to their power in extracting features and always making continuous breakthroughs in the
field of image recognition. However, they suffer from a huge overhead, requiring a lot of
time for the training process. To alleviate this challenge, a study [27] developed a hybrid of
deep learning and random forest algorithm to solve an image classification problem. The
sole purpose of the CNN is for feature extraction, and the classification process is handled
by the random forest algorithm. Random forest (RF) has the advantages of fast training
speed and high classification accuracy. The model was effective as it produced a low error
rate of 9.18%. The model did not carry out a comparative assessment against other baseline
classifiers, which is accounted for in our study.

A supervised deep-learning approach based on a stacked auto-encoder was used
in [28] for the classification of forest areas. The study used unmanned aerial vehicle (UAV)
datasets because they have been found to be quite useful for forest feature identification
due to their relatively high spatial resolution. Through cross-validation, the model achieved
an accuracy of 93%. However, one significant limitation of deep learning is that it requires
more computing power than other machine learning algorithms.
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3. Dataset

Given the scarcity of publicly available forest-type image datasets [29], we down-
loaded 35 images for each class from the internet [30,31]. Considering that the obtained
image dataset was too limited for the proposed model, the geometric transformation data
augmentation technique from the scikit-learn library in Python was employed to produce
65 more images for each class in the training dataset and 9 more images in the testing
dataset. Hence, the resulting dataset constituted a total of 952 images, from which 800 were
set aside for training and 152 were reserved for testing. Table 1 shows the corresponding
forest-type image dataset distribution.

Table 1. Forest type image dataset distribution.

Training Images Testing Images Class

100 19 Grassland
100 19 Woodland
100 19 Orchards
100 19 Bare land
100 19 Logged forests
100 19 Degraded land
100 19 Sea
100 19 Buildings

Data augmentation is a technique that artificially increases the image dataset by
creating additional modified copies of already existing data. Table 2 depicts the parameter
configuration used in this study to perform data augmentation, where the first column
represents the set of geometric properties that require fine-tuning, and the second column
represents the set value for each geometric property. In this study, class labels were used
as categorical data, and the label-encoder function from the scikit-learn library in Python
was employed to convert string categorical data into numerical values. Class labels in this
study represent image categories such as woodlands, shrubs, sea, orchards, logged forests,
grassland, degraded land, and buildings. The class labels were transformed into distinct
numerical values between 0 and 7. As presented in Table 3, the first column represents
the transformed numerical values, and the second column represents the corresponding
class labels. Since images were of different sizes, the resize function from scikit-learn was
employed to resize all images to 226 × 226 pixels. For each category, 19 images were set
aside for testing, and 100 images were reserved for training. Figure 1 shows a sample of
the images used in the study.

Table 2. Data Augmentation Properties.

Property Value

rotation−range 45
width−shift−range 0.2
height−shift−range 0.2
zoom−range 0.2
horizontal−flip True
fill−mode reflect
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Table 3. Class labels.

Numerical Value Class

0 Buildings
1 Degraded land
2 Grassland
3 Logged forests
4 Orchards
5 sea
6 Shrubs
7 Woodlands

Figure 1. Sample of different types of forest images used in this study.

4. Deep Learning Architectures
4.1. Xception Architecture

Xception is expressed as “Extreme Inception”. The feature extraction base of the
Xception architecture has 36 convolutional layers. With the exception of the first and last
modules, the convolutional layers are divided into 14 modules, all of which have linear
residual connections surrounding them. The Xception architecture is briefly described as a
linear stack of depthwise separable convolutional layers with residual connections. Such an
architecture is very easy to define as it only takes about 30 to 40 lines of code to implement
using libraries such as Keras or Tensorflow. As shown in Figure 2, images are taken as
input through the entry flow section, and then subsequently channeled into the middle
flow section, where the feature map process is repeated 8 times; finally, they are channeled
through the exit window.
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Figure 2. The Xception architecture [32].

4.2. VGG-16 Architecture

VGG-16 is a CNN network that has received huge attention in the area of computer
vision due to its high classification accuracy of 92.7% when implemented on 1000 images of
1000 different categories on the ImageNet dataset [33]. The 16 in the VGG-16 architecture
represents 16 convolutional layers with learnable parameters. Overall, it is composed of
13 convolutional layers, 5 pooling layers, and 3 dense layers, which gives a total of 21 layers;
however, it has only 16 weight layers with learnable parameters. What is unique about
VGG-16 is that it disregards a large number of hyper-parameters and instead uses 3 × 3
filter convolutional layers with stride 1 and max-pooling layers of 2 × 2 filters.

4.3. ResNet-50 Architecture

The ResNet-50 architecture was developed to overcome the degradation problem by
using residual learning. It is an extremely deep type of CNN with 48 convolutional layers,
1 max pooling layer, and 1 average pooling layer. An input instance and an output instance
are summed up such that the original mapping function

H(x) = F(x)− x (1)

is redefined as
H(x) = F(x) + x. (2)

The refinement of the mapping function greatly approximates the desired functions
while also making learning simple. This reformulation was initiated to mitigate the degra-
dation problem. The redefined mapping function in Equation (2) is implemented by having
feed-forward neural networks with short connections, as shown in Figure 3.
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Figure 3. Building block of residual learning [34].

The shortcut connections carry out identity mapping operations, and the results are
added to the outputs of the stacked layers. If the additional layers can be built as identity
mappings, the training error of a deeper model should be no greater than that of its
shallower counterpart.

5. Ontological Bagging Algorithm

The ontological bagging algorithm enhances semantic relationships, which in turn
increases image classification accuracy. The idea behind this is to create sub-classes or
categories at each ontological node based on the ontological structure. For each sub-class,
weak attributes are learned, and they serve as image features for node training such that
the node will be able to discriminate between the node’s sub-classes.

5.1. Semantic Grouping

In order to build a hierarchical classifier, all images for all classes designated for
training are required in an ontology. The naive approach of creating a semantic group
involves recursively collecting only images of a particular leaf category. With the help of
semantic relationships, training images for classes at the subsequent intermediate semantic
levels can be accomplished by grouping together images of their offspring. At a given
ontological node S, its subsequent children S1, . . . , SN are referred to as super-classes or
categories, where N is the total number of children. Images belonging to category ci will
be denoted as mi if ci is a child of mi. For instance, considering that the super-classes
at the root node are “artificial crop vegetation” and “natural crop vegetation”, then the
training images of “natural crop vegetation” will comprise the training images of “field”
and “orchard”. As presented in Figure 4, logged and degraded forests are children of the
“Natural Growth Vegetative Area” class rather than the “Artificial Growth Vegetative Area”
class, even though both classes belong to the “Primary Vegetative Area” parent class.

5.2. Weak Attribute Learning

The bagging algorithm automatically learns many features or attributes from labeled
super-category images over multiple instances. Some images belonging to one particular
super-category are treated as positive bags, and the rest are treated as negative bags. Images
sampled from these two bags will serve as instances of the bag. Given a super-category Q,
the ontology bagging algorithm learns M unique weak features. Several image windows
(ri, ti) are selected for each training image. Each image window rij consists of a latent
variable bij ∈ (0, 1, . . . , S). If bij = s ∈ (1, . . . , S), rij denotes a positive instance of the sth

weak feature of S. If bij is evaluated as zero, then rij is the negative instance. Weak features
are learned by giving solutions to the following objective function:

minw,bij

S

∑
s=0
||ws||2 + γ ∑

ij
max(0, 1 + wT

pij
rij − wT

bij
rij), (3)
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which is subject to the following constraints:
{

if ti = Q, ∑j bij > 0
otherwise, rij = 0,

(4)

where pij = argmaxs ∈ (0, . . . , S), s 6= bijwT
s rij. Each wk represents the kth positive weak

feature, while w0 represents the negative weak feature. After learning features from all
images belonging to one particular super-category at a given node, the final image features
are constructed on the basis of the responses of the weak attributes or features.

Figure 4. Ontology of Forest Types.

6. Proposed Model

In this section, the proposed image classification model and its components are ex-
plicitly described. As presented in Figure 5, the image classification approach is made
up of 3 components, i.e., (1) feature extraction, (2) domain ontology construction, and
(3) forest-type image classification. In the proposed model, an ensemble stack of ResNet50,
Xception, and VGG16 is used to generate a feature vector (top of Figure 5) required to
perform the image classification process. Image categories from the dataset are set to be
used for building the ontology, which forms the basis of establishing semantic relation-
ships between concepts of the forest domain (bottom right of Figure 5). A linear SVM
multi-classifier is selected to classify images into their respective categories (bottom left of
Figure 5).

6.1. Feature Extraction

The feature selection preprocessing step plays a significant role in tasks relating to
image classification. The ensemble stacked model of VGG16, Xception, and ResNet50 (top
of Figure 5) was used to obtain features from the training dataset. The composite set of
features obtained by the three deep learning techniques was used as a feature vector for
the model. The ensemble technique helps to increase the scope of the feature vector. A
single feature selection method only selects an optimal subset of features from the training
dataset; hence, the final feature vector may not be a true reflective set to serve as a basis
for the subsequent image classification process. Ensemble feature selection may produce a
more accurate outcome by combining the different outputs of various techniques.

6.2. Ontology Building

The process of building an ontology was systematically broken into two main steps:
(1) concept extraction and (2) relation generation. All concepts within the forest image
dataset were extracted, and relationships between these concepts were generated. In partic-
ular, this study considered only the hyponymy and hypernymy relationships. Concepts
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are organized hierarchically, e.g., an image object classified as an “orchard” is an instance
of the “artificial vegetation concept”. The visualization of the ontology is seen as the
taxonomic relationship between concepts. OWL API was used to construct the ontology
with Algorithm 1.

Algorithm 1 An algorithm for ontology construction

1: Input : f orest1: classes,x: lexical resource
2: Output: θ: Ontology
3: Initialisation: θ ← (root : vegetation)
4: concepts← extractconcepts( f orest1)
5: subconcepts← f indhypocon(root, concepts, x)
6: while (|subconcepts| > 0) do
7: foreach (S ∈ subconcepts) do
8: hyperconcepts← f indhypercon(θ, S, x)
9: T← createTaxonomicR(hyperconcept, S)

10: AddTaxonomic (θ, T)
11: Endforeach
12: subconcepts← f indhypocon(subconcepts, concept, x)
13: end while
14: Return θ

Figure 5. The proposed model.

6.3. Image Classification

This section describes the image classification process. As presented in Figure 5, the
feature vector is obtained through an ensemble stacked model, and the ontology is used
to perform an image classification task. The features are provided as input to a linear
SVM classifier. Linear SVM is appropriate for all cases where there is a diversity of image
categories [11]. The feature vector obtained from training images is used to train a one-
vs.-all SVM classifier for each category in order to distinguish a given category from other
categories. Each classifier will compute a confidence value that will be used to determine
the appropriate category of an image. The training is based on the taxonomical relationship
between ontology concepts. To begin with, all categories at each node of the ontology are

i
i

“output” — 2024/4/2 — 14:00 — page 142 — #158 i
i

i
i

i
i

4. CLASSIFICATION OF SATELLITE FOREST IMAGES

142



Appl. Sci. 2023, 13, 5060 11 of 21

bagged into a super-category in order to train hypernym classifiers. The classification of
a given test image is carried out using both the hyponymy and hypernymy classifiers, as
shown in Figure 6. A test image is allocated to a category with the best hypernymy classifier,
i.e., “artificial−crop vegetation” (because it has the highest confidence value). The same test
image is also assigned to the best hyponymy classifier (grassland), in which the classification
process is performed using the hyponymy classifiers. If the best hyponymy class and the
best hypernymy class have a direct relationship, the output of both classifiers will be
merged together by combining their confidence values. If there is no direct relationship
between the classifiers, the best hyponymy class will be considered.

Figure 6. Classification using merging classifiers.

7. Experimental Setup

The experiments were carried out on the Google Colab platform, which offers free
TPU and GPU on cloud resources. Training with GPU is faster than without GPU. Three
deep learning models, namely, ResNet50, VGG16, and Xception, were adopted via transfer
learning using the Python Keras library of the GPU with a Tensorflow GPU backend
to perform feature extraction on images from the dataset. The hardware and software
specifications for the experiments are detailed in Table 4. The features obtained from
the three deep learning models were aggregated using the sum function. Owlready2,
which is a module in ontology-oriented programming in Python, was used to generate the
taxonomical relationships between image categories. The resulting ontology is shown in
Figure 4. The set of features obtained from the sum aggregate function was used to train
the classifiers according to the taxonomical relationship between image categories.

Table 4. Hardware and software specifications for the experiment.

Hardware Software

Processor: core i5 2.2 gigahertz Programming language: Python version 3.9
RAM: 32 gigabytes OWLReady: under the GNU LGPL licence v3
Graphical Processing Unit (GPU) Backend: Tensorflow GPU
Hard drive: 500 gigabytes Deep learning API: Keras GPU
NDVIDIA, 16 gigabytes RAM

Proposed Model Evaluation Metrics

The performance of the proposed model was evaluated using metrics such as accuracy,
root-mean-square error (RMSE), a confusion matrix, and the receiver operating characteris-
tic (ROC) area under the curve (AUC), commonly referred to as the ROC curve. Accuracy is
a measure of how close the obtained values are to the accepted values. Accuracy is defined
in Equation (5).

Accuracy =
TN + TP

TN + TP + FP + FN
, (5)
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where TP, TN, FN, and FN denote true positives, true negatives, false negatives, and false
positives, respectively. The root-mean-square error RMSE is the square root of the mean
square of all errors. Because it is scale-dependent, RMSE is a good measure of accuracy
for comparing forecasting errors of different models or model configurations for a specific
variable but not between variables. It is calculated in Equation (6).

RMSE =

√
1
n
∗

n

∑
i=1

(Oi − Pi)2, (6)

where Oi are the actual values and Pi are the predicted values.
The confusion matrix helps to provide a visualization of the performance of the

classifiers. The visualization platform allows for easy identification of confusion between
categories or classes, e.g., it is easy to identify classes that have more mislabeled data
than others. The ROC curve, also known as the measure of sensitivity, is a plot of the
true-positive rate versus the false-positive rate. A model with a curve that is far from the
median position indicates a better classification performance. The ROC curve approximates
the performance of a model across all thresholds in a plot. The bigger the area, the better
the model. One of the advantages of the ROC curve is that it facilitates the comparative
evaluation of results from different models without any need to balance issues related to
sensitivity and specificity.

8. Experimental Results

The aim of this study is to assess the effect of ontologies in the image classification task.
With that in mind, the proposed ontology-based forest-type image classification model was
compared against other baseline models such as random forest (RF), K-nearest neighbor
(KNN), SVM, and Gaussian naive Bayes. The features extracted using an ensemble of
deep learning models were used to train the classifiers based on an ontology that describes
taxonomic relationships between image classes. For a particular test image, the classification
task was performed both by the hypernym and hyponym classifiers. First, the classification
process began by assigning the test image to the hyponym and hypernym classifiers with
the highest confidence values. The hyponym and the hypernym classifiers ran in parallel. If
there was a direct relationship between hypernym and hyponym classifiers, their confidence
values were merged, and the test image was assigned to the best hyponym classier. If
there was no relationship between the classifiers, the next best hyponym classifier was
considered, and the same process repeats.

The results presented in Table 5 show that the ontological bagging algorithm based
on linear SVM outperformed other models with respect to RMSE and accuracy. The high
accuracy is attributed to the ability of the model to suppress the error propagation of
hierarchical classifiers.

Table 5. Accuracy and RMSE scores of the proposed model against baseline models such as kNN,
GaussianNB, SVM, RF, and decision trees.

Model RMSE Accuracy

kNN model 1.530 0.816
GaussianNB model 1.678 0.638
SVM model 1.048 0.888
RF model 1.094 0.862
Decision tree model 2.090 0.625
Ontological bagging model 0.532 0.961

The results were further presented in terms of the confusion matrix and ROC curves.
The confusion matrix for the kNN model is illustrated in Figure 7. It is shown that

the kNN model absolutely managed to correctly classify all nineteen images for class 9.
Similarly, the model correctly classified seventeen test images for classes 4 and 5, but class 5
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received twelve more test images from classes 0, 1, 3, 4, and 5. The kNN performed poorly
in classes 3 and 5, misclassifying seven and six test images into classes 1 and 2, respectively.
The associated ROC curve for the kNN model in Figure 8 produced a perfect match for
classes 7 and 4 by having an ROC AUC value of 1.0. In the corresponding confusion matrix
of kNN, class 4 did not receive any false-positive test images, though two test images were
misclassified into class 6.

Figure 7. kNN-based confusion matrix.

Figure 8. ROC AUC Curves for kNN model-based classifier.

The confusion matrix of our ontological bagging approach in Figure 9 provides a
better alternative to image classification, as evidenced by its ability to correctly classify all
nineteen test images for classes 0, 4, 5, 6, and 7, despite the fact that class 5 received two
additional test images from class 2. Only one test image was misclassified for classes 1
and 3. The corresponding ROC AUC curve (Figure 10) of our model produced a perfect
match for classes 0, 3, 4, 5, and 7, i.e., the model managed to precisely distinguish between
positive classes and negative classes. For all the classes, the model performed the worst
for class 2, and this is consistent with the corresponding results from the confusion matrix,
where four false-negative test images were recorded. Class 3 obtained a perfect match
because one false-positive test image and one false-negative test image canceled each other
out. In contrast to the confusion matrix results, class 5 did not produce a perfect match
because there was an imbalance between false positives and false negatives, as the class
received more false-negative test images than false-positive test images.
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As illustrated in Figure 11, the RF-based model correctly classified all nineteen test
images for classes 5 and 7. Only one test image for class 0 was misclassified into class 1.
The RF model performed the worst for class 2, where seven test images were misclassified
into other classes. The ROC AUC curves for the RF-based classifier presented in Figure 12
produced perfect matches for classes 0, 5, and 7. These results also go in tandem with the
corresponding confusion matrix results in Figure 11. All the classes have ROC AUC values
that are greater than 0.9, implying that the model performed better.

Figure 9. Ontological-bagging-based confusion matrix.

Figure 10. ROC AUC Curves for ontological-bagging-based classifier.

Overall, As shown in Figure 13, the decision-tree-based model registered the worst
performance as compared to the other models for all the classes, except class 5, where all
nineteen test images were correctly classified despite the fact that the same class received
nine more test images from other classes. The corresponding ROC AUC curves for the
decision tree in Figure 14 show that class 5 with its ROC AUC of 0.96 performed the best,
and class 2 performed the worst with its ROC AUC of 0.75. This is also in line with the
results obtained from the corresponding confusion matrix.

The confusion matrix of the SVM-based model presented in Figure 15 shows that a
range of two to three test images out of nineteen was misclassified for classes 0, 1, 4, 5, 6,
and 7. Class 2 had the worst performance with regard to the number of misclassified test
images; five test images were misclassified into classes 1, 5, and 6. The associated ROC
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AUC curves of the SVM-based model in Figure 16 show that class 1 with its ROC AUC
value of 0.95 performs the worst, as it registered fourteen false-positive test images.

Figure 11. Random-forest-based confusion matrix.

Figure 12. ROC AUC Curves for Random-Forest-based classifier.

Figure 13. Decision-tree-based confusion matrix.
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Figure 14. ROC AUC Curves for Decision-tree-based classifier.

Figure 15. Support-Vector-Machine-based confusion matrix.

Figure 16. ROC AUC Curves for Support-Vector-Machine-based classifier.

The GaussianNB-based model presented in Figure 17 classified all nineteen test images
for class 0 and class 5 despite class 5 receiving four extra test images, two from class 2
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and two from class 6, and class 0 receiving 6 extra test images from classes 1, 2, 3, 4 and 7.
However, the GaussianNB under-performed in classes 1 and 6, misclassifying 16 and 15
test images, respectively. Most of the test images for class 1 were misclassified into class 3,
implying that most degraded land images were mistakenly viewed as logged forest images.
With reference to the ROC AUC curves presented in Figure 18, the GaussianNB-based
model performed best for classes 0 and 5 and performed extremely poorly for class 2. These
findings also go in hand with the confusion matrix results presented in Figure 17.

Figure 17. Gaussian-naive-Bayes-based confusion matrix.

Figure 18. ROC AUC Curves for Gaussian-naive-Bayes-based classifier.

Table 6 shows that our proposed ontological bagging approach outperformed other
classifiers in terms of accuracy, RMSE, and ROC−AUC. The results also demonstrate that
our model has the strongest predictive power as it managed to correctly classify 146 out of
152 test images, followed by SVM, which correctly classified 135 test images. Our model
registered the lowest RMSE of 0.532, implying that the model’s predictions are much closer
to the actual values as compared to other models. Alongside RF, our ontological bagging
algorithm recorded the highest ROC−AUC value of 0.99, meaning that the model did well
in separating classes as compared to other models. GaussianNB performed the worst out of
all the classifiers in terms of ROC−AUC and accuracy and misclassified 55 test images into
the wrong classes. The outright performance of our model is attributed to the adoption of
semantic relationships between image categories for the classification process; additionally,
the bagging concept helped to minimize the error propagation of classifiers.
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Table 6. Quantitative comparison of models.

Model Test Images Correctly Classified Misclassified ROC−AUC RMSE Accuracy

kNN 152 124 28 0.97 1.530 0.816
Ontological Bagging 152 146 6 0.99 0.532 0.961

RF 152 131 21 0.99 1.094 0.862
Decision Tree 152 98 54 0.81 2.090 0.645

SVM 152 135 17 0.98 1.048 0.888
GaussianNB 152 97 55 0.79 1.678 0.638

9. Discussion

The evaluation of image classification results is of paramount importance in order to
determine the best suitable model for a given application. Classification performance is
dependent on the types of images used and the domain application. Images are generally
categorized into remote sensing images, natural images, medical images, and synthetic
images; therefore, the performance of image classification approaches varies according to
the type of images used. It is possible that a particular algorithm produces good results
in remote sensing images but poor results in synthetic images. For this study, image
classifications based on an ontology with deep learning were obtained for natural forest
images. The classes used for the study were grassland, orchards, bare land, degraded
forest, woodlands, sea, buildings, and shrubs. The results presented in Table 2 show that
the ontological bagging algorithm based on linear SVM outclassed other models with
respect to RMSE and accuracy. The high accuracy is attributed to the ability of the model
to suppress the error propagation of hierarchical classifiers. As presented in Table 7, our
ontological-based model managed to outperform other models such as [11], which used
ontology and an HMAX model to classify bird images into categories; ref. [1] for classifying
vehicles into their respective categories; ref. [35] based on ontology and a CNN to classify
natural images from an ImageNet dataset; and [36] for natural image classification through
the transfer learning of images obtained from the Caltech-101 image dataset. However, the
ontology-based classification model presented in [37] for classifying objects in urban and
peri-urban areas slightly outperformed our model, with a classification score of 98%. A
hybrid model of deep learning and SVM designed in [38] to perform image classification on
the Fashion-MNIST, Cifar10, Cifar100, and Animal10 datasets also attained a classification
accuracy of 99%. The reason could be attributed to the nature and quality of the image
dataset generated by the data augmentation process used in the study.

Table 7. Accuracy obtained from other models.

Model Accuracy

Ontology and Hmax model [11] 63%
Ontological random forest [1] 55%
Ontology and CNN [35] 67.27%
Deep learning model [36] 93.73%
Ontology and bag of visual words [39] 59%
Ontological-based model [37] 98%
Efficient deep learning combined with SVM [38] 99%
Ontological bagging algorithm based on linear SVM 96%

10. Conclusions

The proposed model for classifying images in this study uses features extracted by
an ensemble deep learning technique to train classifiers, and the training is based on the
taxonomic relationships between categories. Metrics such as accuracy, RMSE, confusion
matrix, and ROC AUC curves were used to evaluate the model’s performance.

Concepts related to image categories and the associated taxonomic relationship be-
tween them were both used to build the ontology. The ontology provided the graphical
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semantic information that describes the training images. Hypernym classifiers were trained
recursively using features obtained from each super-image category. Lastly, the test images
were classified into their respective classes by using both the hypernym and hyponym
classifiers. It is noteworthy that the proposed model of harmonizing deep learning models
and ontology obtained superior performance when compared to baseline methods. The
ontological bagging approach can be used in the forestry domain to classify trees according
to their species and to classify vegetation into different types and categories. Ontological
bagging classification can also be used to categorize fruits into their respective classes in
situations such as supermarkets and factories. In the future, it is recommended to employ
high-resolution networks (HRNets) as an alternative to Xception, VGG16, and Resnet50.
In fact, because of their ability to convert low-resolution representation to high-level rep-
resentation, which is associated with efficient block architectures developed according to
new standards, they are excellent for vision tasks, such as feature extraction, semantic
segmentation, and object detection [40].
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4.2.2 Conclusion

This paper describes the ontological bagging approach for classifying forest images. The

classification process was based on hypernym and hyponym classifiers. The approach performed well

in classifying forest images as it obtained a classification accuracy of 96%. The application of the

ontological bagging approach has been found to be effective in the field of forestry for the purpose of

classifying trees based on their respective species, as well as categorising vegetation into various

categories. The application of ontological bagging classification is also viable for the categorization

of fruits into their different classes within contexts such as supermarkets and factories. In future

scenarios, it is advisable to utilise high-resolution networks (HRNets) as a viable substitute for

Xception, VGG16, and Resnet50. Indeed, due to their capacity to transform low-resolution depiction

into high-level depiction, which is linked to proficient block architectures devised in accordance with

contemporary norms, they prove to be highly proficient in visual tasks, including feature extraction,

semantic segmentation, and object detection.
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5 Results and Discussion

This chapter presents a comprehensive analysis of the overall results with respect to the literature

survey conducted from previous studies, results with respect to segmentation models, and results with

respect to state-of-the-art ontological classification-based models for classifying forest images into

their respective categories.

5.1 Challenges and Proposed solutions for recent forest image classification based

methods

A survey of current methods used for satellite forest image processing was conducted and challenges

encountered in these methods as well as proposals for future directions that alleviate the challenges

were spelled out. Challenges unearthed from the reviewed papers involve (1) Different modes of

defining vegetation concepts; The definition of vegetation concept can be based on the physical,

conventional, historical, or conventional model (2) Duality of forest concepts; forests can be

described from the real-world perspective as characterized by high NPP values or from the image

from properties as characterized by high NDVI values (3) Ambiguity and vagueness of vegetation

concepts; a challenge arose in linking attribute range values to vegetation concepts is not easy, e.g. a

forest has high NDVI values. The “high” is qualitative hence the classification rule becomes vague

and ambiguous (4) The last issue is on the semantic gap where there is a mismatch between the

interpreted data from a given situation and the data extracted based on visual information.

A knowledge framework in the form of ontologies was proposed as a means of overcoming the

aforementioned challenges encountered by current methods. Ontologies eliminate the duality of the

concept of vegetation by incorporating the concept of perspectivalism, in which a vegetation concept

is described separately from a field of view. It offers a distinct description of vegetation entities and

vegetation objects, as well as their characteristics.

Adopting probability ontologies can also be used to combat vagueness. They employ probability sets

to designate concepts of interest. Attributes in the set properties are assigned probabilities, and a

statistical measure of the probability value of a geographic concept is used to determine whether it is

a class member.

For alleviating the sensory gap, real-world description of forest entities is correlated with matching

image point descriptions of forest objects, i.e., NDVI is correlated with NPP. On the issue of combating

the semantic gap, ontologies define an image object of a forest concept based on the image feature (e.g.

NDVI) and its associated value (“highNDVI”). The “highNDVI” is formalized by converting symbolic
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information to numeric information e.g. NDVI > 0.7. Therefore semantic gap is significantly reduced.

The other related study surveyed GEOBIA methods for forest detection and classification. In the

study, the challenges with forest cover classification with Very High-resolution (VHR) images as

well as solutions to each challenge were highlighted. The study also proposes the ideal state-of-the-

art ontological framework that can be employed for forest image detection and classification. The

challenges that were identified in the study includes: (1) domain gaps across scenes and geographical

locations, (2) lack of balanced, consistent, high-quality training data, and (3) Intra-class variability and

inter-class similarity for VHR data. In order to address the challenge of domain gaps across scenes

and geographical locations, the study recommended the adoption of a Geometric-consistent Generative

Adversarial Network (GcGAN) that eliminates any discrepancy that may arise between labeled and

unlabeled images without losing their intrinsic land cover information by translating labeled feature

images from the source domain to the target domain. Another approach is to adopt models through

transfer learning (TL) techniques attributed to their ability to produce a generalized classifier that

minimizes gaps in the feature space.

In order to deal with imbalanced training data samples, the study recommended the adoption of an

impartial semi-supervised learning approach based on an extreme gradient boosting algorithm (ISS-

XGB). The ISS-XGB framework integrates several semi-supervised classifiers with the purpose of

addressing multi-class classification tasks. The initial step of the model involves utilizing multi-group

unlabeled data to address the issue of imbalanced training samples. Subsequently, extreme gradient

boosting regression is employed to replicate the target classes using positive and unlabeled samples.

To address the issue of inconsistency training samples, the study recommended a novel approach

for integrating many sources of data through a technique known as multi-source data fusion. This

technique involves the process of re-sampling in order to harmonize the spatial resolution across the

different data sources. The technique filters training samples and has the ability to offer product

correction at a fine resolution. The study proposed that the utilization of techniques such as image

enhancement and restoration can effectively address the issue of insufficient data quality. Various

image enhancement approaches, such as Histogram equalization and Linear congruent adjustment,

have been developed to increase the quality of images by effectively adjusting parameters related to

contrast, brightness, and sharpness. In order to address the issue of inter-class similarity and intra-class

variation, the study recommended the Venkataramanan model that autonomously selects classes for

clustering and determines the best number of classes to produce. The clusters that have been obtained

are regarded as distinct classes. The issue of inter-class separation is addressed by utilizing a triplet

loss function, which distinguishes features among different classes.
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5.2 Segmentation framework for forest images

The image segmentation process is a crucial step toward image classification. The quality of

segmentation significantly affects image classification accuracy. In this research, two techniques

were employed to perform the segmentation process. In the first approach, a hybrid model of CNN in

the form of ResNet50 and Random Forest algorithm was developed to segment a satellite forest

image into the regions of forest and non-forest areas. ResNet50 was solely adopted to generate a

feature vector for the Random forest algorithm to perform the segmentation process. The model

achieved a segmentation accuracy of 94%, RMSE of 0.25, and MAE of 5.92. The other technique is

an extension of the first segmentation paper that employed a hybridization approach of deep neural

networks, in particular, VGG16 and ResNet50, and machine learning classifiers such as RF, LDA,

LSVM, kNN, and GNB. The hybrid of VGG16 and ResNet50 was formulated to generate a

comprehensive set of features for the machine learning classifiers to segment an aerial forest image

into forest and non-forest regions. The results obtained from the study indicate that the model based

on Random Forest (RF) had superior segmentation performance, obtaining an accuracy rate of 94%

and a Root Mean Square Error (RMSE) value of 0.25. By evaluating the two techniques, it can be

deduced that the RF algorithm emerges as the most optimal alternative algorithm for executing tasks

pertaining to image segmentation.

5.3 Classification of satellite forest images

Two different techniques were developed for the classification phase to classify satellite images into

their respective categories. In the first approach, satellite forest images were classified using a

composite model developed by combining the ResNet50 deep learning model and the XGboost

traditional learning technique. The sole purpose of ResNet50 was to generate a set of features for the

XGBoost algorithm to perform the classification process. The image categories considered in the

study were shrubs, woodlands, logged forests, grassland, degraded forests, and bare lands. The

XGBoost-based model obtained a classification accuracy of 77% and managed to outperform other

baseline models such as Random Forest, Light Gradient Boost Machine, and a fully connected

ResNet50 model which obtained a classification accuracy of 74%, 73%, and 59% respectively.

In the second classification approach, an ontological bagging approach and an ensemble technique of

CNN were developed to improve forest image classification. The aim of the study was to investigate

the effect of ontologies on classification accuracy. The background of the study is that most studies

neglect the concept of semantic relationships between image categories and the problem that arises is

that the image categories are treated as independent when in actual fact have a strong semantic
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overlap. In the model, an ensemble of Xception, ResNet50, and VGG16 was used to generate a set of

plausible features for the classifiers trained through ontology to perform the image classification

process.The hypernym classifiers underwent recursive training, utilising features derived from each

super-image category. Finally, the test photos were categorised into their appropriate groups by the

utilisation of both hypernym and hyponym classifiers. The higher performance of the suggested

model, which harmonises deep learning models and ontologies, is worth noting in comparison to the

baseline techniques. Our ontological-based model managed to obtain a classification accuracy of

96% outperforming other baseline classifiers without ontology. By comparing the two classification

techniques it is concluded that ontologies significantly increase image classification accuracy, and

this is attributed to the capacity of ontology to represent domain expert knowledge and also to

consider semantic relationships between image categories in the classification process. The image

categories considered in the study are shrubs, woodland, grassland, buildings, sea, logged forest,

orchard, and buildings.

As presented in Table 2 (A snapshot of the results obtained in paper 6 ) our state-of-the-art ontological-

based model managed to outperform other models such as the ontological-HMAX-based model used

to classify bird images into its categories; Ontological random Forest model for classifying vehicles

into their respective categories; Ontology and CNN model to classify natural images from ImageNet

dataset and the deep learning model for natural image classification through transfer learning of images

obtained from Caltech-101 image dataset ((reference to paper 6 in the thesis). However, the ontology-

based classification model proposed by Bansal et al for classifying objects in urban and peri-urban

areas slightly outperformed our model, with a classification score of 98%, and the hybrid of deep

learning and SVM designed by Tan et al to perform image classification on Fashion-MNIST, Cifar10,

Cifar100, and Animal10 datasets also attained classification accuracy of 99% (reference to paper 6 in

the thesis). The reason could be attributed to the nature and quality of the image dataset generated by

the data augmentation process used in the study.
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Table 2: Accuracy obtained from other models

Model Accuracy

Ontology and Hmax model 63%

Ontologigal random Forest 55%

ontology and CNN 67.27%

Deep learning model 93.73%

Ontology and Bag of Visual Words 59%

Ontological based model 98%

Efficient Deep learning combined with SVM 99%

ontological bagging algorithm based on linear SVM 96%
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6 Conclusion and Future Work

This chapter provides a brief recap of the preceding chapters’ work, examines the results of the

objectives, and previews potential strategies that might be used to improve the accuracy and precision

of forest image categorization in future studies. The objectives formulated to develop the

state-of-the-art framework are as follows:

• To examine the current approaches used in forest image classification.

• To evaluate contemporary methodologies suitable for forest image classification.

• To create a structured framework tailored for segmenting forest imagery.

• To develop and implement a hybrid model combining deep learning and machine learning for

classifying forest images.

• To develop a comprehensive framework integrating deep learning techniques with ontology for

forest image analysis.

Objectives one and two were achieved by surveying recent methods employed in forest image

classification. The contribution obtained was to analyze and correlate ontologies with deep learning

models and involve domain expert knowledge in expressing the semantic relationship between forest

concepts.

Objective 3 was attained through two research papers, In the first paper we developed a method based

on CNN and a machine-learning model for segmenting satellite forest images into the forest and non-

forest regions. ResNet50 adopted under transfer learning was employed solely for producing a set

of features that were fed as input to the random forest (RF) classifier to perform the segmentation

task. Random forest was chosen because it performs well for segmentation tasks over a limited data

set while ResNet50 performs well at extracting appropriate features suitable for segmentation. The

contribution obtained from this study is that designing a hybrid approach of harmonizing deep learning

techniques and machine learning techniques significantly increases segmentation accuracy than each

technique used alone. In the second paper, which is an extension of the first paper, the researchers

employed a combined methodology involving VGG16 and ResNet50 deep learning models to extract

a comprehensive set of features. Machine learning classifiers then utilized these features to effectively

segment aerial satellite images into distinct forest and non-forest regions. The integration of VGG16

and ResNet50 deep neural networks facilitates the expansion of feature representation necessary for

segmenting satellite forest images.
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For objective 4, a hybrid model that combined convolutional deep learning, specifically ResNet50

and traditional machine learning (XGBoost) was designed to categorize forest images into grassland,

degraded forest, bare land, woodlands, shrubs, and logged forest into their respective classes.

ResNet50 was chosen because it generates a comprehensive set of features required for subsequent

image classification and on the other hand XGBoost was chosen because of its high efficacy in image

classification. Since the study used limited forest images, the idea of the model was to adopt

ResNet50 under transfer learning for generating a set of features for the XGBoost algorithm to

perform image classification. The model achieved a classification accuracy of 77% hence it can be

used to classify satellite or natural images into their respective categories.

In addressing objective 5, a deep learning model with ontology was used to classify forest images

into their respective categories. The eight categories that were considered in the study are: sea,

building, logged forest, degraded forest, grassland, woodland, shrubs, and orchards. In this study

approach, a ResNet50, VGG16, and Xception ensemble was used to produce a feature vector from

the training data set for subsequent image classification. The ensemble approach helps in increasing

the scope of the feature vector. The process of building the ontology followed two key steps namely;

(1) concept extraction and (2) relation generation. Concepts from the forest domain were generated,

and the relationship between the concepts was generated. Only hypernymy and hyponymy were

considered in the study. OWL API was used to build the ontology. The classification was performed

by both hypernymy and hyponymy classifiers. If both the hypernymy and hyponymy obtained the

highest confidence values at a particular node, then their confidence values will be merged to produce

the final output image category, otherwise, the best hypernymy class will be considered. The

ontological model performed well as it achieved a classification accuracy of 96%.

The main research question that guides this study is whether the integration of ontologies and deep

learning approaches has a positive impact on the accuracy of forest image classification. Based on

images that were used in the context of this study, the deep learning model driven by ontologies

significantly increased forest image classification accuracy. This is demonstrated by the ability of our

ontological-driven model (paper 6) to achieve an image classification accuracy of 96% against other

baseline models without ontologies such as the kNN-based model (82%), RF-based model (86%)

Decision tree-based model (65%), SVM-based model (88%), and GaussianNB based model (64%).

In summary, our findings demonstrated that integrating ontologies with deep learning has a tangible

and positive impact on forest image classification accuracy. These findings contribute to the growing

body of knowledge in the intersection of ontologies and deep learning, and they have potential

applications in various domains related to forest monitoring and analysis.
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6.1 Future Work

Deep learning models are black box in nature because of the complexity of their network structure

such that it is very difficult to understand how they make decisions. Therefore, domain expert

knowledge may not be certain if the model gained correct knowledge, hence undermining users’

confidence in deep learning models. As a way of unpacking the process by which deep learning

models reach their decision, it is imperative to adopt explainable artificial intelligence (XAI) methods

such as model-agnostic and visualization methods. In future studies, it is recommended to adopt

high-resolution networks (HRNets) as an alternative to traditional deep learning models, because

they have the ability to convert low-resolution representation to high-resolution and have efficient

block structures developed according to new standards and they are excellent at being used for

feature extraction. The research has not been thoroughly assessed due to the lack of a large dataset

with forest images of different categories. For future studies, it is recommended to use a large dataset

to assess the accuracy of the model in forest image classification.
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